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Cross Reference to Related Application(s)

This application claims the benefit of and priority to U.S. Provisional Patent

Application Ser. No. 61/351 ,981 , filed on June 7, 201 0 and entitled "System for Zone

Identification in a Power Substation Environment;" to U.S. Provisional Patent

Application Ser. No. 61/392,065, filed on October 12, 201 0 and entitled "Systems

and Methods for Characterizing Fault-Clearing Devices;" and to U.S. Provisional

Patent Application Ser. No. 61/437,309, filed on January 28, 201 1 and entitled

"Systems and Methods for Classifying Power Line Events." The complete

disclosures of the above-identified patent applications are hereby incorporated by

reference for all purposes.

Field of the Disclosure

The present disclosure relates to fault-clearing devices, and more particularly

to estimating the characteristics of devices that have operated to clear a fault in a

power distribution system.

Background

In electrical power transmission and distribution system operations, any

number of power line events and/or disturbances are inevitable and may require an

operator's immediate attention. These events may include, for example, various

types of faults, abnormal switching transients, and asset failures on primary lines or

on single-phase or three-phase laterals. The operator's reaction to an event may be

driven by identification of the zone in which the event occurred, the nature or

classification of the event, the impact area and/or the characteristics of devices that

have operated in response to an event, such as to clear a fault or mitigate a

disturbance. When automated and integrated into real-time operations, the reliable

extraction of event information from digital data may provide decision support

information, which an operator, or the computers and systems in fully-automated

control and protection systems, may use to assess the significance of events, make

intelligent decisions, and react proactively and reliably.

Examples of fault detection systems and methods are disclosed in U.S.

Patent Nos. 6,996,483; 7,672,81 2 and 7,725,295. The complete disclosures of

these and all other publications referenced herein are incorporated by reference in

their entirety for all purposes.



Summary

In some examples, methods for characterizing a device that operated to clear

a fault in a power distribution system feeder may include receiving measured data

corresponding to a current measured along the feeder proximate a substation bus,

determining from the measured data that a fault has occurred in at least one phase

and has been cleared, subtracting reference data from the measured data to

estimate residual fault data, and estimating from the residual fault data a

characteristic of the device that operated to clear the fault.

In some examples, a computer readable storage medium may have embodied

thereon a plurality of machine-readable instructions configured to be executed by a

computer processor to estimate a characteristic of an interrupting device that has

operated to clear a fault. The plurality of machine-readable instructions may include

instructions to receive measured data corresponding to a current measured along a

feeder proximate a substation bus, instructions to determine from the measured data

that a fault has occurred in at least one phase of the feeder and has been cleared,

instructions to subtract reference data from the measured data to estimate residual

fault data, and instructions to estimate from the residual fault data a characteristic of

the device that operated to clear the fault.

In some examples, systems for estimating a characteristic of a device that has

operated to clear a fault may include an Intelligent Electronic Device (IED) and a

processor linked to the IED. The IED may be connected to a feeder and configured

to measure current along the feeder proximate a substation bus. The processor may

be configured to execute instructions to perform a method that includes determining

from the measured current that a fault has occurred in at least one phase and has

been cleared, subtracting a reference current from the measured current to estimate

a fault current passed through the device, and estimating from the fault current a

characteristic of the device that operated to clear the fault.

Brief Description of Drawings

Fig. 1 is a simplified schematic of an electrical power distribution system that

includes automation and control systems that may be suitable for use with the

systems and methods disclosed herein.

Fig. 2 is a simplified schematic view of an illustrative power line in the form of

a distribution feeder, showing illustrative measurement locations.



Fig. 3 is a block diagram of a nonexclusive illustrative example of a system

that may embody the systems and methods disclosed herein.

Fig. 4 is a block diagram of a nonexclusive illustrative example of a fault-

clearing or event responsive device characteristics estimation module along with

associated inputs and outputs.

Fig. 5 is a flow chart showing a nonexclusive illustrative example of a method

for characterizing fault-clearing or event responsive devices.

Fig. 6 is a graph showing a single-phase current (I) measured proximate a

substation bus, a reference current ( IREF), and an estimated residual fault current

Fig. 7 is a graph of a normalized current magnitude such as may be obtained

by applying Park's transformation to three-phase currents.

Fig. 8 is a graph showing a plurality of estimated operating points and the

MMT and MCT curves of the TCC curves for a plurality of fuse sizes.

Fig. 9 illustrates a closed polygon formed from the MMT and MCT curves for a

particular fuse size.

Fig. 10 schematically illustrates the determination of whether or not a given

estimated operating point is within the closed polygon.

Fig. 11 is a graph showing a plurality of estimated operating points along with

the TCC curves for a plurality of fuse sizes and illustrating the division of the time-

current space into three regions.

Fig. 12 is a graph showing the MMT curves for a plurality of small device

sizes, ranging between 3A and 30A, along with the modeled curves in Region 2 .

Fig. 13 is a graph showing the MMT curves for a plurality of medium and large

device sizes, ranging between 40A and 400A, along with the modeled curves in

Region 2 .

Fig. 14 is a graph showing the MMT and MCT curves for a series of five fuse

sizes along with a plurality of reported operating points for the series of fuse sizes.

Fig. 15 is a component space plot of the five reported groups of operating

points shown in Fig. 14 along with the corresponding density function contours.

Fig. 16 is a flow chart showing a nonexclusive illustrative example of a

method for classifying a power line event.

Fig. 17 is a block diagram of a nonexclusive illustrative example of an event

type classification module along with associated inputs and outputs.



Fig. 18 is a flowchart showing a nonexclusive illustrative example of a method

of transient isolation.

Fig. 19 is a graph showing the magnitude of the Parks vector, with isolated

transient data, for a nonexclusive illustrative example of an event in the form of a

cable failure on an adjacent feeder.

Fig. 20 is a comparison of the autocovariance function (upper row) and

spectra (lower row) for the whole signal (left), the pre-event portion of the signal

(middle), and the event portion of the signal (right).

Fig. 2 1 is a graph showing the comparison between Half-Cycle Discrete-time

Fourier Transform (HCDFT) and Park's transformation.

Fig. 22 is a graph of the Park's vector for a Primary Monitoring Zone (PMZ)

switching transient event.

Fig. 23 is a graph of the isolated transient data for the switching transient of

Fig. 22.

Fig. 24 is a plot of nonexclusive illustrative examples of contours for several

probability density functions, with a gradient bar showing the probability values of the

contours.

Fig. 25 is a plot of a χ density function corresponding to the gradient of Fig.

24, plotted as a function of the Mahalanobis distance dM .

Fig. 26 is a flowchart showing a nonexclusive illustrative example of a method

for feature extraction for classifying power line events.

Fig. 27 is a plot of a nonexclusive illustrative example of a division of a

projected sample space for power line events, with the projected sample space

being divided into six regions that correspond to six event classification groups.

Fig. 28 is a flowchart showing a nonexclusive illustrative example of a method

for probabilistic classification of power line events.

Fig. 29 is a flowchart showing a nonexclusive illustrative example of a method

for estimating the relative probability of correctly classifying a power line event.

Fig. 30 is a flow chart showing a nonexclusive illustrative example of a

method for power line event zone identification.

Fig. 3 1 is a block diagram of a nonexclusive illustrative example of a zone

identification module along with associated inputs and outputs.



Fig. 32 is a binary decision tree illustration for a nonexclusive illustrative

example of a zone identification method.

Fig. 33 includes graphs of illustrative isolated transient data for PMZ, Adjacent

Monitoring Zone (AMZ) and Upstream Monitoring Zone (UMZ) events.

Fig. 34 is a scatter plot of illustrative first feature values such as may be

obtained in the first zone identification decision nodes of Figs. 3 1 and 32.

Fig. 35 is a scatter plot of "tuned" first feature values such as for the first

feature values shown in Fig. 34.

Fig. 36 plots the distributions obtained with several parametric and non-

parametric models.

Fig. 37 is a plot of illustrative probability density functions for the "tuned"

feature values for PMZ, AMZ and UMZ data shown in Fig. 35.

Fig. 38 is a plot of illustrative autocorrelation sequences for AMZ and UMZ

transients.

Fig. 39 is a plot of the elements of an illustrative transformation vector g .

Fig. 40 is a scatter plot of illustrative second feature values such as may be

obtained in the second zone identification decision nodes of Figs. 3 1 and 32.

Fig. 4 1 is an estimate of illustrative AMZ and UMZ probability density

functions.

Fig. 42 includes plots of illustrative autocorrelation sequences calculated for

UMZ events, with - 1 .5 < f 2 <- 1.0 on the left and - 1 .0 < f 2 <- 0.5 on the right.

Fig. 43 is a flowchart showing another nonexclusive illustrative example of a

method for power line event zone identification.

Detailed Description

The disclosed systems and methods may provide or support automated

analysis of power line disturbance and/or event data, which may have been recorded

by an Intelligent Electronic Device, or IED, in a substation or field environment. As

used herein, an "IED" or "intelligent electronic device" may refer to or include any

intelligent electronic device, such as, for example, any one or combination of a

central processing unit (CPU), a CPU-based relay and/or protective relay, a

communication processor, a digital fault recorder, a generic data collector, a phasor

measurement unit (PMU), a phasor measurement and control unit (PMCU), a phasor

data concentrator (PDC), a power quality meter (PQM), a protection IED, a switch



controller, a relay with phasor measurement capabilities, a Supervisory Control and

Data Acquisition (SCADA) system, or any other device or system capable of

monitoring, and/or numerically processing sampled values in, an electrical power

system.

The disclosed systems and methods may be applied to various electrical

power systems, including mesh-, open-loop-, radial- and/or otherwise-configured

power systems. The various electrical power systems may include electrical power

transmission and/or distribution systems. As used herein, power lines may refer to,

for example, distribution feeders and/or transmission lines, with power line events

including, for example, various distribution feeder events and/or transmission line

events.

By way of a nonexclusive illustrative example, the disclosed systems and

methods may be applied to radial or radially-operated electrical power distribution

systems, which may have overhead and/or underground feeders that may be

protected by one or more fault-clearing or interrupting devices, such as circuit

breakers, reclosers, lateral fuses, or the like, as well as one or more protection

and/or control lEDs. These lEDs may be set to capture a snapshot of a material

feeder event, such as one that may require immediate operator attention. Examples

of such events may include short circuit faults, incipient faults, both on main circuit

lines as well as on the laterals, repetitive self-clearing faults, feeder switching events,

and abnormal inrush/load pickups.

Event information, such as when made available online and in real-time, may

help determine the scope, significance and/or relevance of an event as well as

appropriate follow-up actions, which may be useful for outage management systems.

Furthermore, real-time event information, such as when made available online, may

enable a utility to proactively address power line problems, such as impending,

momentary and/or incipient faults or events, and proactively initiate just-in-time

maintenance to avoid costly unscheduled outages and/or asset failures. In addition,

event information may be used to verify and/or validate customer complaints

regarding outages or even benign events such as power line switching or other

intentional field switching operations. As used herein, real-time refers to providing

the intended output within a specified time frame at all times, such as within a few

seconds or minutes rather than many minutes or hours.



Event information may be particularly useful when a utility operator must

manage a number of cascaded or independent event reports within a tight time-

window. In addition to real-time applications, the disclosed systems and methods

may be useful in enterprise offline or post-mortem event analysis studies. System

engineers and planning crew may use the information to sort through system-wide

event reports and classify them readily in terms of the impact area and/or relevance

to distribution operations.

In the era of Smart Grids, data received from various lEDs that are installed,

or being installed, throughout the grid may be used to provide or support advanced

and/or optimized operations and maintenance in the electric utility market.

Furthermore, automated data analysis may readily transform raw data into

actionable information upon which utility dispatchers and crews can act.

The disclosed systems and methods may use existing infrastructure to

expand or enhance control room operational intelligence and situational awareness

beyond traditional Supervisory Control and Data Acquisition (SCADA) and substation

automation, such as by automatically generating and providing real-time decision

support information about power line events, including those that might otherwise be

undetected. Such events may include incipient faults and events, fuse-cleared

faults, faults cleared by unintelligent and/or uncommunicative devices, single-phase

faults, and meter insensitive events that may otherwise be unreported due to the lack

of an immediate outage or which become known only after customer calls.

The event information, which may be manifested in transient current

measurements, may be extracted through various signal processing and/or pattern

analysis methods. A plurality of aspects associated with an event such as a

disturbance or fault may be determined from the event information and output or

displayed to an operator. For example, the disclosed systems and methods may be

used to determine or identify the zone in which an event originated; the phases

involved in an event; the characteristics of a device that operated in response to an

event, such as the type, size or fault-clearing capacity of a device that operated to

interrupt and/or clear a fault; whether the event is sustained, temporary or incipient;

the cause of the event; and/or an event classification or type, which can be broadly

categorized as fault versus non-fault. In some examples, the disclosed systems and

methods may also determine a relative probability value for correctly making the

aforementioned determinations and/or identifications based on model probability



distributions. Although not discussed in detail herein, other features and/or modules

may be provided and integrated into some examples of the disclosed systems and

methods.

The availability of real-time information regarding the event zone, involved

phases, interrupting device characteristics, and/or the event type or classification

may improve situational awareness for an operator or otherwise. Furthermore, such

information may provide an early indication of incipient problems such that the

problems may be addressed before becoming significant or even catastrophic. For

example, although events such as load changes or mild switching events may be

relatively benign and warrant a relatively lower level of attention, other events, such

as faults and asset failures, may warrant significant and/or prompt attention, which

may be enabled by the availability of real-time event information.

The systems and methods disclosed herein may be illustrated with reference

to the simplified, generic electrical power distribution system 20 illustrated in Fig. 1.

The electrical power distribution system 20 includes a substation 22 with two buses

24, 26, and four radially-operated feeders 28, 30, 32, 34, which may be overhead,

underground, or any suitable combination thereof. Although discussed with

reference to the four radially-operated feeders in the electrical power distribution

system 20, it should be understood that the systems and methods disclosed herein

may be used with, or be a part of, any suitably configured electrical power

distribution and/or transmission system and/or the power lines thereof.

One or more of the feeders in the system 20 may be protected by an IED,

which may be set to capture or record feeder events, such as a fault 35, occurring in

a defined monitoring zone for the IED. In some examples, the lEDs may be housed

inside the substation control/switch room or securely mounted in a control cabinet

outside the substation, such as along the power lines or feeders and/or at customer

locations. Although each feeder may be protected by an IED, only the lEDs 36, 38

protecting the feeders 28 and 30 are shown in Fig. 1.

The monitoring zones may be defined and identified with reference to a

particular IED. For example, Fig. 1 illustrates three monitoring zones defined with

respect to the IED 36, which is identified as "IED1 ." The monitoring zones defined

for the IED 36 include a primary monitoring zone (PMZ) 40, an adjacent monitoring

zone (AMZ) 42, and an upstream monitoring zone (UMZ) 44. As the substation



configuration changes, such as due to planned maintenance or loss optimization, the

monitoring zones may also change to reflect the latest substation configuration.

The PMZ for a given IED may include the primary power line and/or feeder

monitored by that IED. As shown in Fig. 1, the PMZ 40 for IED 36 includes the

feeder 28 (identified as "FEEDER1 " in Fig. 1) , which extends from the substation bus

24 to a normally open point 46.

The AMZ for a given IED may include any adjacent power lines and/or

feeders connected to the same substation bus. As shown in Fig. 1, the AMZ 42 for

IED 36 includes the feeder 30 (identified as "FEEDER2" in Fig. 1) , which extends

from the substation bus 24 to a normally open switch 48.

The UMZ for a given IED may be defined so as to monitor for events in the

upstream network for that IED, which may include any transformers connected to the

bus associated with the IED, as well as the upstream transmission grid. As shown in

Fig. 1, the UMZ 44 for IED 36 includes the transformer 50 (identified as "TR1 " in Fig.

1) connected to the bus 24 and the associated upstream transmission grid 52.

As shown in Fig. 1, the feeders may include one or more switches 54 and/or

breakers 56, which may be normally closed. Furthermore, the two buses 24, 26 of

the substation 22 may be connected by a normally open tie breaker 58.

As shown in Fig. 1, a substation automation system 60 may be connected to

the lEDs by way of a real-time server/gateway 62 and communications links 64. As

will be discussed below, some examples of the disclosed systems and methods may

be executed in an embedded system such as an IED or in a substation automation

platform for real-time operation. In some examples, the disclosed systems and

methods can be executed in an offline mode as a computer application for post-

mortem studies. When integrated into the automation platforms with built-in

communication channels, a real-time notification can be sent to dispatchers, who

may be located in a control room 66, and/or to other utility systems. Such real-time

notification may permit proactive event management and impact assessment.

A nonexclusive illustrative example of power line measurement locations is

illustrated in Fig. 2 on a power line in the form of a simplified example of a three-

phase power distribution feeder 70, having phases a, b and c, which are respectively

labeled as 70a, 70b and 70c. As shown, an IED 72 is configured to receive voltage

and current measurements from corresponding voltage and current transformers 74,

76 connected to each of phases 70a, 70b and 70c. As may be understood, the



voltage and current transformers 74, 76 may be within, proximate, or even distant

from the substation 78. As will be more fully discussed below, the input signals for

the disclosed systems and methods may, for example, be the three-phase currents

la, lb and lc (collectively iabc t ) ) , which may reduce or even eliminate any need for

voltage sensors; network, feeder or power line modeling; and/or network, feeder,

power line or load modeling data. The IED 72 may measure the three-phase

currents ( iabc t ) ) within the substation, such as proximate the substation bus or on

the feeder/power line head, and/or outside the substation at a suitable point or points

along the power line, such as at or proximate one or more recloser locations.

Because the disclosed systems and methods can operate or be performed

without using voltage measurements, voltage sensors and wires may be eliminated

from the system. However, if voltage measurements are available in a given system,

the measured voltage signals may be used for other purposes such as for breaker

operations.

In some examples, the digitized current signals may initially be validated

and/or processed to reduce computational complexity and/or to estimate the

beginning of a transient or fault current caused by an event, which may be referred

to as transient or disturbance isolation. As will be more fully set out below, the

isolated event or disturbance signal may be used as the input for some examples of

the disclosed systems and methods.

A nonexclusive illustrative example of a Distribution Feeder Event Analysis

System (DFEVAS) that may embody the systems and methods disclosed herein is

shown generally at 80 in Fig. 3 . Unless otherwise specified, the system 80 may, but

is not required to, include at least one of the structure, components, functionality,

and/or variations described, illustrated, and/or incorporated herein.

The inputs to the system 80 and/or to any of the components thereof may be

in the form of signals, such as voltages or currents, measured in a feeder or other

power line, such as proximate a substation bus, as measured by and/or received

from an IED. In some examples, a buffer 82 may be provided for the current

measurements, which may support subsequent event analysis. The system 80 may

include, or be divided into, a plurality of analysis and decision-making modules.

In the illustrated system 80, the analysis modules include a validation module

84, a transient isolation module 86, and a fine-tuning module 88. However, some



examples of the system 80 may include other or additional analysis modules, while

some examples of the system 80 may omit one or more of the analysis modules

shown for the system 80 illustrated in Fig. 3 . The validation module may ensure that

the incoming data is valid and not an outlier, while the fine-tuning module may fine-

tune event beginning and end times to support accurate event duration

determination. The analysis modules include computational functions that produce

outputs that are internal to the system 80 but are used in the decision-making

modules. Although the analysis modules do not produce a system output per se,

their analysis operations support the final system outputs.

In the illustrated system 80, the decision-making modules, which are the main

decision-making blocks producing the user outputs from the system 80, include a

circuit breaker operations module 90, an event zone identification module 92, an

event type classification module 94, a fault reasoning module 96, and a fault-clearing

or event responsive device characteristics estimation module 98. However, some

examples of the system 80 may include other or additional decision-making

modules, while some examples of the system 80 may omit one or more of the

decision-making modules shown for the system 80 illustrated in Fig. 3 . The circuit

breaker operations module 90 may identify and classify events that cause a breaker

to operate. The functions of the other decision-making modules will be discussed in

more detail below.

Depending on the particular implementation of the system 80, the various

modules thereof may correspond to one or more hardware components, or the

various modules may be implemented as software modules or components, which

may be executed at a single site or by way of distributed computing, with various

portions of the modules being performed at various locations. As will be understood,

such software modules may be executed wherever sufficient processing power and

appropriate data exist or are accessible. For example, the software modules may be

executed or performed by a processor located in a control room and linked to the

IED or, in some examples, by a processor within the IED. As used herein, a

software module or component may include any type of computer instruction or

computer executable code located within a memory device and/or transmitted as

electronic signals over a system bus or wired or wireless network. A software

module may, for instance, comprise one or more physical or logical blocks of

computer instructions, which may be organized as a routine, program, object,



component, data structure, etc., that performs one or more tasks or implements

particular abstract data types.

In some examples, the system 80 may analyze all events captured in the

PMZ, AMZ or UMZ, or at least those of the captured events that merit an operator's

attention, which may be determined by one or more of the decision-making modules.

For example, a detailed analysis may be performed on such events to determine the

most affected phases and/or the event duration, which may rely on output from the

fine-tuning module 88. Such output may include identifying within the recording the

start and end indices for the event.

As will be more fully set out below, the event zone identification module 92

may use digital event data or signals from one or more lEDs to determine a

probable, or even a most probable, zone in which an event occurred, such as

whether the event occurred in the PMZ, AMZ or UMZ. This information may be

output to a utility operator/system and/or may be utilized in other functional

components of the system 80.

As will be more fully set out below, the event type classification module 94

may identify the nature or classification of an event by identifying a cluster to which a

data point corresponding to the event most closely belongs based on estimates of a

suitable probability density function, such as a normal probability density function.

Classification based on largest density function values may be equivalent to

using a smallest suitable distance measure, such as the Mahalanobis distance,

relative to one or more cluster centers. Estimates of the probability density functions

may be described by cluster parameters in a form that facilitates calculating the

distance measure and probability values. For example, squared Mahalanobis

distances to the cluster centers may be chi-squared ( χ ) distributed random

variables that correspond to the sums of squares of normally distributed variables

that have zero means and unit standard deviations.

The data dependent Mahalanobis distance d M between vectors x and y of

the me distribution is defined using equation ( 1 ) .

where ∑ is the covariance/variance matrix of the distribution. The squared

Mahalanobis distance d M is defined using equation (2):



4(x,y,∑) = [ (x,y, ∑)]2 = [x - y ∑_ [ -y] . (2)

The fault reasoning module 96 may output the most probable reason for a

fault, which may be at least partially based on empirical evidence gathered during a

calibration period. The reasons may include certain classes of power line

disruptions, faults or events that convey characteristics similar to those empirically

observed in field data. For example, when the power line is an underground feeder,

the reasons may include certain classes of animal/vegetation contact, moisture

ingress, and cable fault cases, and when the power line is an overhead line, the

reasons may include abnormal events due to public/animal/vegetation, high winds,

ice on the lines, lightning, and flashovers. A positive identification of, for example, a

cable/feeder fault, icing, or an animal/vegetation contact case can help derive the

fault location by infrastructure in which the goal is to determine whether the fault is

on an overhead or underground power line section. Knowledge of the most probable

reason for a fault may improve the fault response, such as by permitting dispatch of

a repair crew suitable for a particular type of fault without needing to first visually

inspect the actual fault to determine its type.

As will be more fully set out below, the fault-clearing or event responsive

device characteristics estimation module 98 may use digital event data from lEDs to

estimate characteristics of the device that operated in response to an event, such as

to interrupt or clear a fault. For example, when used in conjunction with a radial, or

radially operated, distribution feeder, such as those shown in Figs. 1 and 2, the fault-

clearing device characteristics estimation module 98 may estimate type and size

information based on a PMZ fault or event record. In some examples, the

estimations may additionally be based on the Time-Current Characteristics (TCC)

curves for various fault-clearing devices. As used herein, an interrupting, operating,

or fault-clearing, device could be a fuse, switch, circuit breaker, recloser or any other

device capable of responding to an event, such as by clearing or interrupting a fault

on a feeder, power line or elsewhere.

In examples where the fault-clearing or event responsive device

characteristics estimation module 98 provides real-time estimation of fault-clearing or

event responsive device characteristics, real-time information of characteristics, such

as the type and size of the fault-clearing device, may provide an immediate

indication of the magnitude and/or scope of any outage associated with a fault. For



example, if the module estimates that a fault was cleared by a 200A fuse, the system

operator can immediately infer that the impact area involves more than a few

customers and tag the outage as a high priority one. Being able to rapidly prioritize

events based on estimated fault-clearing device characteristics would be useful

when, for example, an operator has to handle a number of cascaded or independent

outages within a tight time window. In particular, an operator may use the device

size information to assess the impact of multiple concurrent outages and objectively

prioritize them for restoration purposes. Furthermore, characteristics information for

the fault-clearing device, such as type and size, may assist with fault location

because the estimated characteristics for the fault-clearing device may narrow the

number of possible candidates for the fault-clearing device. The fault-clearing device

type and size estimation may also be useful in offline and/or post-mortem analysis

and protection coordination studies where protection engineers and planning crews

may use the information to verify coordination of the protection system and

determine whether it is operating as designed or expected.

A nonexclusive illustrative example of a fault-clearing or event responsive

device characteristics estimation module 98, which may embody the systems and

methods for characterizing fault-clearing devices, is shown in Fig. 4 along with

nonexclusive illustrative examples of inputs to, and outputs from, the module. The

fault-clearing device characteristics estimation module 98 receives input 100 in the

form of a signal, such as for example, three-phase substation bus currents ( i abc ) ,

measured proximate a substation bus. In some examples, the input signal may

optionally include a voltage measured at or proximate the substation bus. The signal

may be measured by an IED connected to a power line, such as a feeder, and

configured to measure, for example, current along the power line proximate the

substation bus. In some examples, the three-phase substation bus currents ( i abc )

may be measured outside the substation, such as at any suitable location along the

power line or feeder.

The module 98 includes a pass-through current estimator or estimation

module 102 and one or more device characteristic estimators or estimation modules.

As will be more fully set out below, the pass-through current estimation module 102

processes the measured three-phase substation bus currents to estimate the fault

duration and the fault current passed through the device that operated to clear the



fault. The characteristic estimators, which may be independent from one another,

determine various characteristics of the fault-clearing device based on the estimated

fault current passed through the fault-clearing device. Nonexclusive illustrative

examples of such device characteristics include the device size, rating, type, age,

estimated remaining lifespan, as well as any other device characteristic that could be

estimated and/or determined based at least partially on the estimated fault current

passed through the fault-clearing device.

As shown in Fig. 4, the characteristic estimators may include a range

estimator or estimation module 104 and a point estimator or estimation module 106,

which may be independent of the range estimator. As will be apparent from the

description that follows, the range and point estimators, which may rely on the

estimated fault current passed through the fault-clearing device, may operate without

using network, power line or feeder modeling and/or without using power line, feeder

or load modeling data, which data may be difficult to obtain or maintain. Accordingly,

the range and point estimators may be unaffected by modeling and/or modeling data

errors, such as those that may occur for faults located relatively far from

measurements taken proximate the substation bus or where the modeled data fails

to properly account for component aging. Furthermore, avoiding the use of network

or feeder modeling and/or the use of feeder or load modeling data may simplify the

estimation algorithms, which may allow for a corresponding reduction in the

processing power used to perform the estimations.

The range estimator or estimation module 104, as will be discussed in more

detail below, may provide an estimated range within which the particular

characteristic should lie, such as between discrete minimum and maximum values.

In some examples, the range estimator provides the minimum and maximum

discrete device sizes for the device that operated to clear a PMZ fault. Some

examples of the range estimator provide an unsupervised approach that does not

require any calibration data, can operate independently of any information or fault

records regarding prior events, and/or does not rely on any template operating

points.

The point estimator or estimation module 106, as will be discussed in more

detail below, may provide an estimated and/or most-probable value for the

characteristic. Some examples of the point estimator provide a supervised approach

that uses information and/or data regarding prior faults or other events and/or relies



on template operating points. If prior fault or event data is not available, one or more

range estimations from the range estimator may be used to provide one or more

templates for use by the point estimator, such as for tuning the supervised approach.

Although shown with both range and point estimation modules, it should be

understood that some examples of the fault-clearing device characteristics

estimation module 98 may include plural range estimation modules, plural point

estimation modules and/or other types of estimation modules. Furthermore, some

examples of the fault-clearing device characteristics estimation module 98 may omit

the range estimation module and/or the point estimation module. Likewise, some

examples of the fault-clearing device characteristics estimation module 98 may

include any suitable combination of supervised and unsupervised characteristic

estimation modules.

As indicated at 108, the fault-clearing device characteristics estimation

module 98 produces results or output, which may be presented to an operator/user

and/or utilized by other aspects of the electrical power distribution automation

system. The outputs may be in the form of a range estimate and/or a more specific

point estimate for the characteristic of the fault-clearing device.

A nonexclusive illustrative example of a method or process for characterizing

fault-clearing devices is schematically illustrated in a flow chart at 110 in Fig. 5 .

Although the actions of the process may be performed in the order in which they are

presented below, it is within the scope of this disclosure for the following actions,

either alone or in various combinations, to be performed before and/or after any of

the other following actions. The process 110 includes receiving input at block 112,

determining that a fault has occurred and been cleared at block 114, estimating fault

data at block 116, and estimating a characteristic of the fault clearing device at block

118 . The details of the process 110 are explained in further detail below with

reference to the feeder shown in Fig. 2 .

When receiving input data, the systems and methods disclosed herein may

receive measured data corresponding to a current or currents measured along a

power line, such as a feeder, such as proximate a substation bus. For example,

measured three-phase substation bus currents ( i abc ) may be received from the IED

72 shown in Fig. 2, which is connected to the feeder 70 and configured to measure

current along the feeder 70 proximate the substation 78. The subscripts a, b and c



of iabc correspond to the three phases 70a, 70b and 70c of the feeder 70. In some

examples, the data measured for iabc may be digitally sampled.

The measured data, such as that corresponding to the currents along a power

line, such as a feeder, proximate a substation bus, may be used to determine that

the event was a fault that occurred in at least one phase of the power line and that

the fault has been cleared, such as by a downstream clearing device such as a fuse

or recloser. In some examples, the systems and methods disclosed herein may be

initiated upon detection of an event and/or the subsequent clearance thereof, such

as by the IED, using pre-existing detections methods, which are well-known and will

not be discussed in detail herein. For example, the bus currents iabc may be

monitored, with data being recorded, until occurrence of a violation lasting for at least

a specified time and/or number of cycles, at which point the system 80 may

implement one or more of its modules and/or execute the corresponding process or

processes, such as on a captured window of data, while data recording continues.

In such examples, the captured window of data may be of any suitable length, such

as, for example, about 256 samples. In some examples, the system 80 may

implement the modules and/or execute the processes substantially continuously on a

sliding window of data (such as, for example, about 256 samples) that is being

continuously recorded. Other nonexclusive illustrative examples of methods,

techniques and methods that may be used, such as by an IED, to determine that an

event, such as a fault, has occurred may include the detection of overcurrent bursts,

voltage deviations and/or overcurrent element trips, which are explained in more

detail in U.S. Patent No. 7,725,295, titled "Cable Fault Detection," the complete

disclosure of which is incorporated by reference in its entirety for all purposes.

In some examples, a pass-through current estimator may approximate or

estimate a fault current passed through a fault-clearing device by subtracting a

reference current from the current { iabc ) measured proximate the substation bus. In

particular, reference data or a reference signal is subtracted from the data or signal

measured proximate the substation bus to estimate residual fault data or a residual

signal for the fault-clearing device. The residual fault data/signal may approximate

the fault current passed through the fault-clearing device.

In some examples, the pass-through current estimator operates using a fault

record that includes at least a few cycles of measured substation bus current iabc



captured prior to a fault. Such pre-fault substation current data can be modeled and

used as reference data. In particular, the data corresponding to the measured

substation bus current iabc captured prior to the fault may be extended over the

entire record to provide a set of reference data, which is then subtracted from the

measured data corresponding to the measured substation bus current iabc to

estimate residual fault data for the fault-clearing device. When the measured and

reference data each include a plurality of samples, the reference data may be

subtracted from the measured data sample by sample, as in equation (3), to provide

a set of residual fault data.

n {samples taken during the faulted condition]

In equation (3), if k denotes the residual fault data, which approximates the fault

current passed through the fault-clearing device; ik [n] denotes the measured data,

which corresponds to the measured substation bus current iabc sk [n] denotes the

reference data, which was extrapolated from the measured data captured prior to the

fault and may be sinusoidal; and a, b and c denote the three phases of the power

line or feeder. Using such an estimation for fault current through the fault-clearing

device may improve the estimation accuracy, such as for faults on laterals closer to

the feeder end and/or further from the substation bus.

Such an estimation for the residual fault data is graphically illustrated in Fig. 6

for a single-phase fault current measured at the substation bus (I). As may be seen

in Fig. 6, the residual fault current passed through the device (IRES) 1 4 is estimated

by extrapolating the pre-fault data 126 over a period of time corresponding to the

measured fault current 122 to provide a reference current (IREF) 128 that is

subtracted from the measured current 122 to estimate the residual fault current ( IRES)

124. The estimated fault inception time 130 and fault clearance time 132 may be

determined from the estimated residual fault current (IRES) 124, such as by

determining the times, or sample number, at which the residual fault current violates,

or ceases to violate, certain thresholds. In some examples, the estimated fault

duration is determined from the estimated fault inception and clearance times.

A clearing time TCT may be estimated for the fault based on the residual fault

data. As used herein, the clearing time TCT corresponds to the time during which



the fault current flows through the device prior to the device operating to clear the

fault. With reference to Fig. 7, the clearing time TCT 136 may be estimated from the

residual fault data by normalizing the magnitude of the Park's equivalent current and

applying at least one fixed threshold ( 7 = 0.2 ) 138 to the resulting normalized or

scaled current 140. The Park's transformation allows transformation of any

instantaneous value of a three-phase system, having phases a, b and c, into one

complex vector using the 120° operator set out in equation (4):

Let I = [i i ¾ i ] be the matrix of phase currents. Each of the current vectors,

a , b , c , consists of N s values. For example, = [ , ,..., ] , a e N

where N s defines the number of samples in each record. The Park's vector for

phase currents is set out in equation (5):

Although a single fixed threshold may be used, such as Th = 0.2 , one can

increase the degrees of freedom by defining a second fixed threshold 142, such as

7¾ = 0.05 , as shown in Fig. 7 . Thus, for example, the clearing time TC may be

estimated usin equations (6) and (7) as:

where

find] k T
5

=min{ } - 2, 10 20
- max W + 2 (7)

where k is an integer corresponding to the sample number, i corresponds to the

vector of amplitudes of residuals, as calculated for the Park transformed phase

currents, with ir [k] corresponding to the -th sample in the vector i . With reference

to the example shown in Fig. 7, 0 05
corresponds to the time at which the scaled

current 140 first rises above the fixed threshold 142 (7¾ = 0.05 ) , and Γ020

corresponds to the time at which the scaled current 140 decreases permanently

below the fixed threshold 138 (Th = 0.2 ) . It should be understood that the particular



combination of thresholds 138, 142 illustrated in Fig. 7 is for purposes of illustration,

and any suitable threshold, or combination of thresholds, may be used in a given

example or for a given purpose. As will be understood, the particular threshold, or

combination of thresholds, used in a particular situation can be selected based on

the particular data features the system or method is intended to identify or capture.

For example, at least one relatively lower threshold, such as Th =0.05 , may be used

when detecting animal contacts, while a single relatively higher threshold, such as

Th =0. , may be used when characterizing a fault clearing device, such as a fuse.

In some examples, the number of most-affected phases {NPh) may be

determined for a power line, such as a feeder, having phases a, b and c by using

equation (8):

RMS.k
≡{a,b,c)Nph = Nearest integer- (8)

max
pe{a,b,c)

where is the root mean square (RMS) current through a k-th one of the

phases a, b and c, and I s is the RMS current through a - th one of the phases

a, b and c . The RMS value for the fault current passed through the fault-clearing

device on the - th one of phases a, b and c 1 k ) is calculated using equation (9):

where n = 1 corresponds to the first sample taken during the faulted condition, TCT

corresponds to the total number of samples during the faulted condition, as

determined by equation (6). In some examples, the most-affected NPh phase or

phases of phases a, b and c may be identified as the NPh phase or phases having a

larger RMS current passing therethrough than do the remaining ones of phases a, b

and c .

The systems and methods disclosed herein may use the residual fault data to

estimate a characteristic of the device that operated to clear the fault. For example,

as discussed above, a range estimator may provide a range estimation for a

characteristic and/or a point estimator may provide a point estimation, such as an

estimated and/or most-probable value, for a characteristic.



In some examples, the range estimator provides an estimated size range for

the device by comparing an empirical or estimated operating point for the device

against the TCC curves for a plurality of device sizes. As will be seen from the

description below, the range estimator may be considered to operate in an

unsupervised manner because it can estimate a range of device sizes based on the

estimated fault data without reference to prior fault records or history information.

For example, the range estimator may determine that the operating device was a

fuse, sized between 40A and 65A.

Selection of the plurality of device sizes used for comparison may depend on

the particular power distribution system being considered. For example, the plurality

of device sizes may be selected based on knowledge of the devices used on the

particular power line(s), feeder or feeders under consideration, or the plurality of

device sizes may correspond to the particular device sizes known to be used and/or

stocked by the power distribution system operator. The estimated clearing time

{TCT ) and the estimated RMS fault current passed through the device ( ) , both

estimated from the current {iabc ) measured proximate the substation bus, define the

operating point , ) . A plurality of nonexclusive illustrative examples of

estimated operating points are generally illustrated in Fig. 8 at 146, along with the

TCC curves 148 for several illustrative device sizes. The estimated fault energy is

defined by equation ( 10):

RMS CT )

In some examples, the plurality of device sizes may be selected based on the

fault energy. For example, when the device is a fuse, the fault energy corresponds

to the energy available to melt the fuse. Thus, for a given fault energy, the only

fuses that could have operated to clear the fault are those for which the given fault

energy would have been above the minimum melt energy. Accordingly, the range

estimator may determine a maximum device size based on the fault energy being

above the minimum melt energy for the fuses within the size range, and the range

estimator may exclude from further consideration those devices that have a higher

threshold operating fault energy than the fault energy estimated by I RMS CT .

The particular functioning of the range estimator is discussed below in the

context of a nonexclusive illustrative example configured for use with a fuse.



However, it should be understood that the range estimator, as disclosed herein, may

be configured for use with fault-clearing devices other than fuses, such as breakers

and reclosers.

A fuse operates to clear a fault if the fault magnitude and duration provide

adequate energy to melt the fuse element, and the fuse does so with the speed

specified by the fuse's TCC curve. The TCC curve for a fuse includes both a

Minimum Melt Time (MMT) curve and a Maximum Clearing Time (MCT) curve,

where the minimum melt time may be defined as 90% of the average melting time to

account for manufacturer's tolerances, and the maximum or total clearing time may

be defined as the sum of the average melting time, the arcing time, and the

manufacturer's tolerances. Thus, for a fuse of a given size to have operated to clear

a fault, the estimated or empirical operating point (I
RMS

,T
C

) for the device that

operated to clear the fault should lie between the MMT and MCT curves for the given

fuse size, with the MMT and MCT curves being adjusted to account for the

manufacturer's tolerances, loading conditions, ambient temperature, or the like.

However, in some examples, there may be more than one fuse size that satisfies

these conditions. For example, given the actual fuse sizes utilized on a particular

power line or feeder, the estimated operating point may satisfy the conditions for

more than one of the utilized fuse sizes, such as at larger fault currents, where fuse

operating regions may overlap, as may be seen in Fig. 8 . Accordingly, the range

estimator determines a range of potential fuse sizes by evaluating the estimated

operating point against the MMT and MCT curves for fuses having a minimum melt

energy that could have been met by the estimated operating point.

In some examples, the range estimator may estimate a most probable fuse

size based on the minimum Euclidean distance (d ) between the estimated

operating point OP = x ,y ) and the MMT curves (x,y ) where

d =m (dk ((x, y), OP)) =(( - xp )2 +(y - yp ) ( 1 1)

and where x corresponds to 1 , and y corresponds to T
CT

. In particular, the

most probable device size may correspond to the device size for which the TCC

curve, and more particularly the MMT curve and/or the MCT curve, is closest to the

estimated operating point. By way of example, the range estimator may estimate



that the cluster of operating points 146 identified in Fig. 8 at 150 corresponds to a

most probable fuse size of 40 A .

In some examples, the range estimator automates the comparison of an

estimated operating point , ) to the TCC curves by forming closed polygons

from the MMT and MCT curves for each fuse size and determining whether or not

the estimated operating point is within the polygon, which determination may be

automatically performed by a computer. The range estimator may then identify the

range of possible fuse sizes for the device that operated to clear the fault as

including those fuse sizes for which the estimated operating point was determined to

be within the closed polygon formed from the MMT and MCT curves, and for which

the operating energy could have met the minimum melt energy, as discussed above.

As shown in Fig. 9, the MMT and MCT curves may be expressed in a 2-D

plane by a set of current-time data points 152. To address the areas not specified by

the TCC curves, such as for near-zero clearing times, two new data points 154, 156

are artificially defined and added to the set of data points. As shown in Fig. 9, the

data point 154 corresponds to the x-intercept of a straight line extending from the

first two MMT data points having the highest current value, but with the y-value of the

new data point set to a near-zero value, such as 1*E-6, so as to avoid division by

zero. The data point 156 corresponds to the one of the MCT data points

corresponding to the highest current, but with the y-value of the new data point set to

a near-zero value, such as 1*E-6.

To form a directional closed polygon 158 for comparison purposes, the data

points of the extended MMT and MCT curves are group sorted based on the second

column (time) in ascending and descending order, respectively, as indicated in Fig.

9, and combined as one set of I & t for each device size. The polygon 158

includes N vertices x y , where i ranges from 0 to N-1 . The polygon is assumed

to be closed such that the last vertex ( x N , y N ) is the same as the first vertex ( x , y ) .

To determine whether or not an estimated operating point ( x p , y p ) 146 is

within the polygon 158, a horizontal ray 160 emanating from {x , y ) and extending

to the right, as shown in Fig. 10, is assumed. For an estimated operating point to be

inside the polygon 158, the ray 160 will intersect the line segments making up the

polygon an odd number of times. If the ray 160 intersects the line segments making



up the polygon 158 an even number of times, the operating point will be identified as

being outside the closed polygon. The test for even or odd is based on modulus 2 .

If the number of intersections modulus 2 is 0 then the number is even, if it is 1 then it

is odd, with 0 being considered even in this test.

The point estimator, as discussed above, may provide an estimated and/or

most-probable value for the device characteristic. Although discussed with reference

to fuses, it should be understood that the point estimator, as disclosed herein, may

be configured for use with fault-clearing devices other than fuses, such as breakers

and reclosers.

With regard to point estimation for the size of the device that operated to clear

a fault, examination of the TCC curves 148 plotted in Fig. 11 identifies three regions

within the 2-D time-current space for a given set of TCC curves. In particular, the

behavior of the set of TCC curves differs between the three regions. Region 1

corresponds to estimated clearing times longer than 1 second, which seldom occur

because a primary or back-up protection device will typically operate to clear a fault

within 1 second. Region 2 corresponds to estimated clearing times between 0.1 and

1 second, and Region 3 corresponds to estimated clearing times of less than 0.1

second. The methods for point estimation for operating points 146 lying within

Regions 2 and 3 will be set out below.

As may be seen from Fig. 11, the TCC curves 148 for the various device sizes

do not overlap in Region 2 . More particularly, the MMT and MCT curves 164, 166

for a given device do not overlap the MMT and MCT curves for any of the other

candidate devices. Thus, a size may be estimated for the device that operated to

clear the fault by comparing the estimated operating point to a plurality of TCC

curves. In particular, the estimated operating point may be compared to a provided

set of MMT 164 curves corresponding to a set of candidate device sizes, which may

correspond to the device sizes used in the PMZ and/or to the device sizes used

and/or stocked by the power distribution system operator. The comparison may be

performed by comparing an operating parameter to a set of modeled parameters,

where the operating parameter is calculated from the estimated operating point of

the device that operated to clear the fault, while each of the modeled parameters is

calculated from one of the set of MMT curves.

As may be seen from Figs. 11-1 3, the MMT curves 164 are, in general,

sufficiently linear in the log-log coordinate system within Region 2 that the MMT



curves may be linearly modeled. For example, the MMT curve for each candidate

device size may be modeled for Region 2, in the log-log coordinate system, using a

parameter A and a constant a , as given by equation ( 12):

where the model parameters 4.75 and 2.0243 are estimated from the TCC curve

data; AFuse is a nominal current value for a particular device size, such as 65 for a 65

A fuse; and I f RMS is the fault current passed through the faulted phase. In some

examples, such as for 40 A and larger fuses, a may be set to zero, such that

equation ( 12) may be simplified to equation ( 13):

Models for the MMT curves 164 illustrated in Figs. 12 and 13 are plotted using the

dashed lines 168.

The A Fuse values for each of the candidate device sizes may then be grouped

into a sorted vector for the set of candidate device sizes ( A u e ) . For example,

where the candidate device sizes include 40A, 65A, 100A, 125A and 200A fuses,

^Fuse = [ Fuse4 Fuse65 , A Fusem , A Fusel25 , A F se2 ] , where A Fuse40 is the A Fuse value for

the 40A fuse, A Fuse is the A Fuse value for the 65A fuse, A Fusem is the A Fuse value

for the 100A fuse, A F se 5 is the A Fuse value for the 125A fuse, and A F se2 is the

A se value for the 200A fuse.

The estimated A Fuse may be calculated for the device that operated to clear

the fault based on the estimated fault current { I f RMS ) passed through the fault-

clearing device and the estimated clearing time { TC ) , both as determined above,

using equation (14):

As noted above, a may be set to zero in some examples, such as for 40 A and

larger fuses, such that equation (14) may be simplified to equation ( 15):



0.494
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Fuse - )

An estimated device size may then be determined by comparing the

estimated AFuse to the sorted vector for the set of candidate device sizes ( A Fuse ) .

For example, if < A[l] , which is AFuse40 in the present example, A[l] is

identified as the AFuse corresponding to the estimated device size. If

AFuse > , which is AFu e2 in the present example, A is identified as the

AFuse corresponding to the estimated device size. Otherwise, find k such that

A [k] ≤ AFuse < A [ + l ] and identify A [k] as the A u e corresponding to the estimated

device size, which corresponds to determining a largest one of a set of modeled

parameters that is not greater than an estimated operating parameter, and

identifying as an estimate for the operating device size the one of the set of

candidate device sizes corresponding to the determined largest one of the set of

modeled parameters.

In some examples, the device size estimation method discussed above with

regard to estimated operating points lying in Region 2 may be modified for use with

estimated operating points lying in Region 1. In such examples, the modeling of the

MMT curves would be adjusted to account for the different behavior or shape of the

MMT curves within Region 1 as compared to the behavior in Region 2 .

With regard to estimated operating points lying within Region 3, examination

of the TCC curves 148 plotted in Fig. 11 shows that the MMT and MCT curves

overlap for the various device sizes, especially for faster clearing times and higher

fault currents. Thus, comparing estimated operating points lying within Region 3 to

the TCC curves for a plurality of device sizes may not uniquely identify a particular

characteristic for the device that operated to clear the fault. Accordingly, the point

estimator may use a probabilistic characteristic estimation to identify the most

probable device size for estimated operating points lying within Region 3 .

The probabilistic characteristic estimation, is based on previously recorded

fault data. In particular, information and/or data regarding prior fault clearances or

other events may be used to generate one or more template operating points such

that the probabilistic characteristic estimation may provide a supervised approach to



characteristic estimation. In some examples, such as where insufficient prior fault

data is available, one or more range estimations from the range estimator may be

used to provide one or more templates for the probabilistic characteristic estimation.

In general, the estimated clearing time {TC ) is a random variable that

depends on the estimated fault current passed through the fault-clearing device ( if )

and the size of the melted fuse {AFuse ) . Accordingly, the estimated clearing time

(TC ) may expressed as:

Identification of the device size {AFuse ) is the inverse problem set out in equation

( 17).

Fuse = ^Fuse / ' ^CT ) )

However, use of equations ( 16) and ( 17) is hindered by the fact that the function

PPuse is unknown and the dimensions of the equations are high, such as 256.

In the disclosed example of probabilistic characteristic estimation, information

about the fuse size is extracted from the estimated fault current ( t [«], n = 1,...,N ),

by way of a Fourier transform and then projected to lower -dimensional feature

space by a projection matrix. The result is an -dimensional feature vector

X = , ,·· ]

Thus, equation (17) may be replaced by a plurality of density functions that

are specified or calculated for a plurality expected or candidate device sizes. Each

density function (p k ) {k = , 2,. .., number of candidate device sizes) estimates the

density of data points in the region of the feature space into which a particular device

size is mapped. The joint distribution of £ random variables x is estimated by an £-

dimensional Gaussian distribution as defined in equation (18):

p k (x,C k ,∑k ) = 1/ 2(x - C ∑ (x - C )T ] (18)

where C k is the -dimensional centroid vector, and ∑ k is the covariance matrix

estimated for device size candidate k .

The features x used in the probabilistic characteristic estimation are

calculated in the following way. At first a vector s = [s[l],s[2],,s[3],...,s [N / 2 + 1]] of



amplitudes of the squared values of estimated fault currents in the frequency domain

are calculated using a Fourier transform as

i [k + 1] ∑ H [ f ,k ) exp[(-y(2 / N)kn] I p , k = 0,1,2,..., N / 2 (19)
n=

where w [n] are coefficients of the Hanning window and p is the normalizing factor

The amplitudes in the vector are projected onto lower dimensional space by equation

(21 ) :

x = P s ( < N/2) (21 )

where is the projection matrix and the vector x consists of £ principal

components.

By way of example, Fig. 14 shows the TCC curves 148 for five fuse sizes

(40A, 65A, 100A, 125A and 200A), along with a plurality of reported operating points

for each fuse size (172 for 40A, 174 for 65A, 176 for 100A, 178 for 125A and 180 for

200A). The plurality of reported operating points for each fuse size are plotted in the

principal component space in Fig. 15, along with the estimated contours of the two-

dimensional Gaussian density functions for the five fuse sizes (182 for 40A, 184 for

65A, 186 for 100A, 188 for 125A and 190 for 200A). Although the illustrated

example uses two-dimensional Gaussian density functions, it should be understood

that the methods disclosed herein could also or alternatively be performed based on

one-dimensional, or even three-dimensional or higher, Gaussian density functions.

The cluster centers 192 shown in Fig. 15 serve as templates in the

probabilistic characteristic estimation, with characteristics being estimated for new

operating point cases based on these templates and a proximity measure based on

the squared Mahalanobis distance. The data-dependent squared Mahalanobis

distance is calculated using equation (22):

(x,C„ ∑ ) = [x - C ∑ - 1[x - C (22)

where x is the feature vector, and Ck is the centroid vector, and ∑k is the

covariance matrix estimated for the device size candidate k . The most probable

characteristic, which is the most probable one of the plurality of device sizes in this

example, is identified by calculating for the estimated operating point a Mahalanobis



distance for each of the cluster centers C k , with the most probable device size being

the one of the plurality of device sizes corresponding to the smallest Mahalanobis

distance.

As is apparent from the above discussion, the probabilistic characteristic

estimation may be performed without reference to the TCC curves, which may

reduce estimation errors that may otherwise occur due to the inherent variability in

device operating times due to normal wear and tear and aging, which may not be

accounted for in TCC curves. Thus, although probabilistic characteristic

identification may be most useful for device operating points lying in Region 3, due to

the overlapping TCC curves therein, probabilistic characteristic estimation may also

be used for operating points in Regions 1 and 2 to reduce reliance on the TCC

curves and any associated estimation errors.

In some examples, the disclosed systems and methods may be

supplemented and/or the output thereof interpreted in view of knowledge of the

devices likely or actually used on a particular power line(s), feeder or feeders under

consideration, or the plurality of candidate device sizes may correspond to the

particular device sizes known to be used and/or stocked by the power distribution

system operator. In particular, a given feeder or monitoring zone may be known to

include, for example, only 20A, 40A and 60A fuses. Accordingly, with regard to such

a feeder or monitoring zone, an estimated size range of 30A-50A from the range

estimator, or a point estimate from the point estimator of, for example, 35A, may be

interpreted as determining that the device that operated to clear the fault was

actually a 40A fuse.

A nonexclusive illustrative example of a process or method for classifying

power line events, such as by way of the event type classification module 94, is

schematically illustrated in a flow chart at 198 in Fig. 16. Although the actions of the

method may be performed in the order in which they are presented below, it is within

the scope of this disclosure for the following actions, either alone or in various

combinations, to be performed before and/or after any of the other following actions.

The illustrated method 198 includes receiving input in the form of measured data or a

measured signal, as indicated at block 200, determining that a power line event has

occurred in at least one phase based on the measured data or signal, as indicated at

202, extracting at least one event feature from the measured data or signal, as



indicated at 204, and determining at least one probable classification for the power

line event based at least partially on the extracted feature, as indicated at 206.

Although various aspects of the method 198 are explained in further detail below

with reference to the distribution feeder shown in Fig. 2, it should be understood that

the method 198 and its various aspects may be used for classifying other power line

events such as transmission line events.

When receiving input data, the systems and methods disclosed herein may

receive measured data corresponding to a signal measured by an IED protecting a

power line, such as proximate a substation bus. The measured signals may include

current or currents measured along a power line, such as proximate a substation

bus, and/or voltages measured proximate the substation bus. For example,

measured three-phase substation bus currents ( i abc ) may be received from the IED

72 shown in Fig. 2, which is connected to the feeder 70 and configured to measure

current along the feeder 70 proximate the substation 78. The subscripts a , b and c

of i abc correspond to the three phases 70a, 70b and 70c of the feeder 70. In some

examples, the data measured for i abc may be digitally sampled.

A nonexclusive illustrative example of an event type classification module 94,

which may embody the systems and methods for classifying power line events, is

shown in Fig. 17 along with nonexclusive illustrative examples of inputs to, and

outputs from, the module. The event type classification module 94 receives input

2 10 in the form of a signal, such as for example, three-phase substation bus currents

( iabc ) , measured proximate a substation bus. In some examples, the input signal

may optionally include a voltage measured at or proximate the substation bus. The

signal may be measured by an IED connected to a power line and configured to

measure, for example, current along the power line proximate the substation bus. In

some examples, the three-phase substation bus currents ( iabc ) may be measured

outside the substation, such as at any suitable location along the power line.

In some examples, the input to the event type classification module 94 may

be processed and/or enhanced prior to being input to the module, such as to reduce

computational complexity and/or to estimate the beginning, end and/or duration of a

transient that caused an event. For example, as shown in Fig. 17, a transient

isolation may be performed on the measured signal, as indicated at 2 12, such that



three-phase transient substation bus currents are input to the module 94. In some

examples, the event zone identification module may use the isolated transient to

identify the zone in which the event occurred, as indicated at 214.

As shown in Fig. 17, the illustrated event type classification module 94, and

the methods embodied therein, proceeds through three elements: event feature

extraction, as indicated at 2 16, probabilistic event classification, as indicated at 2 18,

and a probability estimation regarding the confidence that the classification of the

event is correct, as indicated at 220. As indicated at 222, the event type

classification module 94 produces results or output, which may be presented to an

operator/user and/or utilized by other aspects of the electrical power distribution

automation system. The outputs may be in the form of a probable classification for

the event along with an estimated probability that characterizes the confidence that

the event was correctly classified.

In examples where a transient isolation is performed on the measured signal,

as indicated at 2 12, transient data, or a transient signal, corresponding to the power

line event may be isolated from the measured data or signal. In such examples, the

event feature extracted from the measured data or signal may be extracted from the

isolated transient data or the isolated transient signal. In some examples, the

system 80, such as by way of the event zone identification module 92, may identify a

probable one of the monitoring zones in which a power line event occurred based at

least partially on the isolated transient data or the isolated transient signal.

In some examples, approximately 80%-90% of sampled values are "noise"

and unwanted. However, in the context of the present disclosure, such noise is not

random noise. Rather the "noise" is the normal sinusoidal or deterministic part of the

signal, which can be modeled with a reasonable accuracy. The "signal-to-noise"

ratio (S/N) defines statistical properties of the calculated characteristics. For

example, a high S/N ratio results in small variability and is preferred to remove or

mitigate noise components to the extent possible.

A nonexclusive illustrative example of a process or method for disturbance or

transient isolation is schematically illustrated in a flow chart at 228 in Fig. 18 .

Although the actions of the method may be performed in the order in which they are

presented below, it is within the scope of this disclosure for the following actions,

either alone or in various combinations, to be performed before and/or after any of

the other following actions. The transient isolation method 228 includes calculating



Park's vector, as indicated at 230, calculating a sinusoidal model for the Park's

vector, as indicated at 232, extrapolating the model, as indicated at 234, calculating

residuals, as indicated at 236, calculating standard deviation for the residuals, as

indicated at 238, estimating the arrival time index, as indicated at 240, and isolating

the transient, as indicated at 242.

At 230, the Park's transformation is applied to the three-phase event data to

calculate the Park's vector for the phase currents ia , ib , ic . As noted above, the

Park's transformation allows transformation of any instantaneous value of a three-

phase system, having phases a, b and c, into one complex vector by using the 120°

operator set out above in equation (4). The Park's vector for phase currents was set

out above in equation (5).

A nonexclusive illustrative example of the calculated magnitude of the Parks

vector i for an event is shown in Fig. 19, along with an enlarged transient portion.

The event illustrated in Fig. 19 is an AMZ cable fault in the form of a cable failure on

an adjacent feeder.

The significance of transient isolation may be seen with reference to Fig. 20,

which plots the autocovariance function (upper row) and spectra (lower row) for the

whole Park's vector (left), for the stationary part of the Park's vector for the pre-event

part (before the transient) of the signal (middle), and for the transient part only (right).

As may be seen from Fig. 20, the "noise" covers the information in the transient. The

shape of the autocovariance function calculated for the whole Park's vector and the

pre-event part are similar, whereas the shape for the transient part is very different.

The same is true for the spectra. Accordingly, the Park's transformation may ease

the detection of the beginning and end points of an event.

When compared to the commonly used half-cycle discrete-time-Fourier-

transform (HCDFT), the Park's transformation reduces the number of signals

describing the event from six vectors to two and may reduce or eliminate any need to

differentiate between phases in terms of having useful information about the event.

Furthermore, no loss of information need be incurred because filtering is not applied

to the principal signals. In addition, Park's transformation provides characteristics

that help differentiate faults from non-faults.

These above-described properties of the Park's transformation are illustrated

in Fig. 2 1 , wherein the HCDFT of the current i a increases first and the change in the



HCDFT of the current a is the largest, while the remaining phases increase at a

later time. As may be seen, the HCDFT signal calculated for the current a

increases later and at a more gentle angle than the magnitude of the Park's vector

i p due to the filtering. In addition, the HCDFT signal gives a longer estimate for the

length of the event.

It is plausible to assume that a few cycles in the beginning of the recording

represent normal line conditions and therefore define a deterministic part of the

signal. Thus, at 232, the sinusoidal model for the Park's vector may be determined

using the first N m = m c samples, which may capture, for example, the first 10

cycles. N m is a user settable parameter, η η is integer multiplier defining the

length of the modeling sequence in cycles, and N is the number of samples in one

cycle. The Park's vector may be modeled using a sinusoidal model as set out in

equation (23):

s[n] = n= 1, ...,N,
m

(23)

where ω is the line frequency, m is the harmonic number, n is the sample number,

φ is the -th phase angle, and M denotes the total number of harmonics in the

model. The number of harmonics M in the model is a user settable parameter,

which may be set based on the expected harmonic content of the power line, such

as to 15, for example, and according to the maximum frequency content determined

by the sampling frequency used in the digitization of the signals. The model

parameters, Am, φ , may be estimated using maximum likelihood methods.

At 234, the sinusoidal model is extrapolated over the entire recording, as set

out in equation (24):

M

s[n] = Am mn+φ
ι
) , η =Ν +1,..., N (24)

m=\

At 236, the residuals are calculated by subtracting the extrapolated sinusoidal

model s[n] from the original Park's vector signal i [n] , as set out in equation (25),

which removes the "noise" components.



The resulting residual signal r[n] is used for the transient isolation.

After the "noise" is removed, the arrival time index for the event may be

determined from the residual signal. The arrival time index is the specific sample

correlating to the beginning of the event. In some examples, such as for many PMZ

fault events, the current may increase very fast, or even jump to a higher level, at the

very beginning of the event, which may provide a good "signal-to-noise" (S/N) ratio

that facilitates detecting the arrival time index. Thus, a fixed threshold based on the

standard deviation of the signal during normal conditions may be used. Accordingly,

at 238, the standard deviation σ is calculated for the pre-event residuals, as set out

in equation (26):

= std r [n ), n = l,...,N m (26)

At 240, the arrival time index T is estimated by searching for the first index k

where the absolute value of the residual r[k] is greater than ησ , as set out in

equation (27):

find(k\ \r[k] ≥ ησ ), T = min{k} - N 2 (27)

where T is the arrival time index, and η is a threshold multiplier that may be

selected from a suitable range such as 10 to 20.

At 242, the transient is isolated as set out in equation (28):

it [n-T +l] = r[n], n = T ,T +l,...,T +Nt - 1 (28)

where it is the isolated transient, and N is the predefined length for the transient.

As may be understood, by isolating the transient as set out above, an original

data set that may have been, for example, 1000 samples can be simplified. The

resulting data outputs from the transient isolation may include the residual plot, the

arrival time index, and the event window. The event window, which includes the

event start and end times, may be defined by the event start index and the length of

the transient N . For certain analysis purposes, such as zone identification, the

length of the transient N t may be a user settable parameter that may be set to a

suitable value, such as, for example, 256 samples or 8 cycles in the case of a 60 Hz

system.

A nonexclusive illustrative example of transient isolation may be illustrated

with reference to Figs. 22 and 23. The Park's vector for a PMZ switching transient



event is shown in Fig. 22. The corresponding isolated transient, which was isolated

from the Park's vector using a threshold of 20σ , is shown in Fig. 23. As may be

understood, the threshold multiplier η may be optimized for events in the other

monitoring zones as well as PMZ events that do not exhibit PMZ fault characteristics.

Power line events may manifest themselves as voltage or current

disturbances with differing characteristics, or combinations of characteristics, that

depend upon the physical phenomenon that caused the event. When such

characteristics are identified and differentiated, the type of a given event may be

identified and/or classified by finding the closest match between the characteristics

of the event and those of one or more known event types, which may provide a

supervised classification of the event type. In some contexts, the characteristics

associated with an event may be referred to as "features" of the event. The event

features may be categorical, textual, or numerical. The numerical features may be

computed in the time domain, the frequency domain, or any combination thereof.

The classification module 94 may assign or classify an identified or detected

power line event into the closest one of a plurality of identified event classification

groups according to a suitable distance measure, such as the Mahalanobis distance

function, which is equivalent to classification on the largest posterior probability value

according to Bayes rule. Nonexclusive illustrative examples of event groups include

various types of faults with varying durations, switching events, transients, load pick

ups, or the like. As may be understood, the classification module 94 may attempt to

assign an identified event to a group of events having features that are relatively

similar to, or even the same as, the identified event. In some examples, the

classification module 94 may form a new event group if the identified event is an

outlier with features that are sufficiently distinct from even the closest one of the

groups. Parameters needed for the probability models for the various event groups

in each event zone (PMZ, AMZ, or UMZ) are centroids C i , variances ,

and projection matrices P ¾ for each group i=1, ..., K . in some examples, the

number of event groups for each zone may be adjusted to fit the initial dataset(s)

associated with each of the zones.

Event classification may be performed using a known category structure,

which may be modeled using probability density functions. Each probability density

function estimates the density of data points in a region of the feature space into



which a particular group of events is being mapped. A complete classification

problem for K event groups includes the K probability density functions

P (x),P 2 (x),...,P K (x) for the K event groups, the K prior probabilities ξ , ξ ,..., ξκ of

the hypotheses H H 2 ,...,H K for the K event groups, and values ry representing

the cost of misidentifying an event belonging to the -th group as being a member of

the -th group, which is the cost of errors. H . denotes the hypothesis that the event

belongs to group j . Prior probabilities in the Bayesian framework are probabilities of

group membership that are determined based on prior information about event group

probabilities. For example, if a power line is known to be completely underground,

the probability of having a vegetation related event, such as a tree contact, is low,

and the prior probability for this event group may be practically set to zero.

Membership in a given group for a particular power line event may be

predicted by the particular event's discriminant score, which is calculated using the

prior probabilities and probability density functions. In some examples, the event

type classification module 94 may proceed through a design phase during which

classifier parameters, such as centroids { ¾ ' , variances i , and projection

matrices P ¾ for each group i=1, ..., K , are calculated for samples of known

patterns. However, such a design phase need not be independent from the

classification phase carried out by the event type classification module; that is, the

classifier parameters may be updated and/or tuned based on classifications carried

out during the classification phase for various detected events.

The parameters of the probability model may be estimated by calculating the

spectra of the maximum norm or i ∞ scaled transient, calculating a Principal

Component Analysis (PCA) model for the spectra, storing the mean value and the

global projection matrix P , and projecting the measured data onto a lower

dimensional -dimensional space, with the dimension being adjustable to fit a

particular dataset. Nonexclusive illustrative examples of values for the dimension

include two, three or even four or more. PCA is mathematically defined as an

orthogonal linear transformation that transforms the data to a new coordinate system

such that the greatest variance by any projection of the data comes to lie on the first

coordinate (called the first principal component), the second greatest variance on the

second coordinate, and so on. The PCA model for the spectra consists of the first



principal components. The orthogonal linear transformation is done by the projection

matrix , which is one of the results of PCA.

The parameters of the Gaussian probability model, which corresponds to the

set of probabilities that a particular event belongs to each of a plurality of

classification groups, may then be estimated or determined by calculating the

centroid of the projected spectra of the events belonging to the '-th group, mean

centering the projected spectra by subtracting the mean spectrum, calculating the

local principal component model for the mean centered and projected spectra, and

storing the centroid C , the local projection matrix P , and the standard deviations.

In some examples, five parameters are estimated for each group; that is, two

parameters for the centroid and three independent parameters for the

covariance/variance matrix. In examples where there are only a few samples in the

training data, a manual tuning may be used to get well behaving boundaries between

the groups and correct classification in the training set. Nonexclusive illustrative

examples of density function contours after manual tuning are illustrated at 248 in

Fig. 24, with the χ density function corresponding to the gradient of Fig. 24 plotted

as a function of the Mahalanobis distance dM in Fig. 25.

In some examples, the decision rule or rules used in classification may

include a criterion of optimality, which may be based on minimizing the classification

error, with the classification error including modeling errors and estimation errors.

The modeling errors correspond to the difference between the selected probability

density model and the "real" probability density function, while the estimation error

corresponds to the accuracy of the estimation of the parameters in the model.

The necessary level of modeling complexity may be data-dependent. For

example, where the groups are well separated and have about the same variance

and shape, even a simple model consisting only of centroids of the groups may allow

classification with an acceptable classification error.

As will be more fully set out below, event feature extraction may include

scaling an isolated transient, spectrum calculation, and projection of the spectrum

into a lower dimensional ^-dimensional space. Parameters needed for event feature

extraction may include the global projection matrix P and the mean value of spectra

of m scaled transients.



A nonexclusive illustrative example of a feature extraction process or method

for classifying power line events, such as for implementing the event feature

extraction element 2 16 of the event type classification module 94, is schematically

illustrated in a flow chart at 250 in Fig. 26. Although the actions of the method may

be performed in the order in which they are presented, it is within the scope of this

disclosure for the following actions, either alone or in various combinations, to be

performed before and/or after any of the other following actions.

As shown in Fig. 26, feature extraction may include getting or retrieving

tunable parameters for events, as indicated at 252, scaling the Park vector of the

isolated transient, as indicated at 254, calculating a Hanning window and a

normalizing factor, as indicated at 256, calculating a spectrum for the scaled

transient, as indicated at 258, subtracting the parameter "mean spectrum," as

indicated at 260, and projecting the spectrum onto its principal component space, as

indicated at 262. The actions of the illustrative feature extraction method 250 are set

out in more detail in the next paragraph with regard to equations (29) to (34).

The tunable parameters, which may be for events such as PMZ, AMZ and/or

UMZ events, may include {S m,P,Par}, where Sm is the mean value of spectra of

i ∞ scaled transients, P is the global projection matrix, and Par is a set of

parameters that includes centroids Ck , variances , and projection matrices for

each group i=1, ..., K. The isolated transient, it [n] , may be scaled to determine a

scaled transient i t [n] using equation (29):

i t [n] =it [n]/£ ∞ (it ), n =\,..., N t (29)

where i ∞ (it ) is the maximum norm of the isolated transient, n is the element

number, and N t is the length of the isolated transient. A Hanning window [k] for

the k-t sample and a normalizing factor p may be calculated using respective ones

of equations (30) and (31 ) :

The spectrum S[k] for the scaled transient ist [n] may be calculated using equation

(32):



S[k] = \DTFT (i
t
[n]wh I p , k = 1,..., N t 12 + 1 (32)

where DTFT(i st [n]w [n]) is the discrete time Fourier transform, k is an index, and

N t / 2 + \ is the length of the spectrum. The parameter "mean spectrum" Sm[k] is

subtracted from the calculated spectrum s [k] , as set out in equation (33), to

determine the mean-centered spectrum S
mc

] .

Smc [k] = S[k]- Sm[k], k = \,..., N t / 2 + \ (33)

The mean-centered spectrum S
mc

[k] is projected onto the principal component

space to yield the feature vector t that will be used in the classification:

= S (34)

where S
m

is the vector of elements S
mc

] .

Cluster analysis of events may reveal a particular probability model or

transformation that gives a desired classification. By way of example, a desired

classification may partition the events into a relatively low number of homogeneous

and well differentiated groups that beneficially serve the objective of the

classification. For example, cluster analysis of PMZ events may reveal a particular

transformation that gives a desired classification with respect to events that may be

broadly categorized as fault and non-fault events. In such a classification, the

groups may include various fault events, such as cable faults with different durations,

animal contacts, transformer faults and various non-fault events, such as switching

transients, load pickups, inrush events, or the like. In some examples, using the

spectrum of i ∞ scaled transients provides the desired classification with respect to

fault and/or non-fault events.

The event type classification module may calculate a distance measure for a

detected power line event with respect to each of the plurality of event classification

groups and identify which of the event classification groups is associated with the

smallest distance measure. Based on the calculated distance measures, the event

type classification module may determine that the most probable classification for the

power line event corresponds to the event classification group for which the distance

measure is smallest.

In some examples, the distance measures may be a Mahalanobis distance to

the centroid of each event group. By classifying an event into the closest event



group according to the Mahalanobis distance dM , the event is implicitly assigned to

the group for which it has the highest probability of belonging. In examples where it

is assumed that every case must belong to one of the groups, the probability of

group membership for each group can be computed via the Bayes theorem, as set

out in equation (35).

Pr(H, |t) = M (35)

∑ 2 (dM
2 (t,C

i=\

where H . is the hypothesis that event belongs to group j , χ dM t ,C .,∑ .),2) is

the value of the χ density function for group j , dM t , j , j is the squared

Mahalanobis distance for group j , t is the feature vector determined by equation

(34), C . is the center of group j , ∑ . is the covariance/variance matrix of the

distribution model for the members of group j , and the posterior value Pr(H .|t) gives

the probability that the event belongs to group j . As may be understood, when it is

assumed that every case must belong to one of the groups, these probabilities sum

to unity or 1.0 over all the groups, and classification on the largest of these values

also is equivalent to using the smallest Mahalanobis distance dM . However, the

training samples may not be representative of all types of events, and it is possible to

capture or identify an event that might belong to an unknown group, in which case

the sum of the probabilities may not add up to unity.

In some examples, the event type classification module may determine that

none of the plurality of event classification groups corresponds to a probable

classification for a given event. For example, where the smallest one of the distance

measures for a detected event is larger than a predetermined threshold, such as

where the event is very far from all the groups such that all of the probabilities are

small, the event type classification module may determine that the event is an outlier

or a new unobserved event that does not correspond to any of the event

classifications corresponding to the plurality of event classification groups. Thus, in

some examples, the event classification group for which the distance measure is

smallest may only be identified as corresponding to the most probable classification

when or if the smallest distance measure is less than or below a predetermined



threshold, which may be a distance-reject threshold. By way of example the white

regions 272 shown in Fig. 27 correspond to the region of samples, for which the

distance measure to the closest one of the groups 274 is larger than the

predetermined threshold, which is indicated by 276, such that any sample in the

white regions 272 may be considered outside the projected sample space.

The predetermined threshold may be determined or defined, such as by using

a training set and minimizing the region of rejected data points inside the region that

is surrounded by the groups. In some examples, the predetermined threshold may

be set such that the distance measure to the centroid of a particular group needs to

be less than a particular number of standard deviations (σ ) for that group.

Nonexclusive illustrative examples of such predetermined thresholds include 1σ , 2σ ,

3σ , 7σ , 10σ , 20σ , or even 25σ , which is the predetermined threshold illustrated in

Fig. 27 at 276.

A nonexclusive illustrative example of a probabilistic classification process or

method, such as for implementing the probabilistic event classification element 2 18

of the event type classification module 94, is schematically illustrated in a flow chart

at 278 in Fig. 28. Although the actions of the method may be performed in the order

in which they are presented below, it is within the scope of this disclosure for the

following actions, either alone or in various combinations, to be performed before

and/or after any of the other following actions. As shown in Fig. 28, probabilistic

classification may include getting or retrieving tunable parameters for events, as

indicated at 280, calculating the normalized distances to the group centers, as

indicated at 282, and determining the closest group, which may be identified as the

classification for the event, and the distance to the closest group, as indicated at

284.

The tunable parameters, which may be for events such as PMZ, AMZ and/or

UMZ events, may include {Par,K} , where Par is a set of parameters that includes

centroids Ck , variances , and projection matrices for each group i=1, ..., K .

The number of groups K for each monitoring zone may be adjusted to fit the

dataset(s) associated with each of the zones, and the values of the parameters may

be different for each zone.

The Mahalanobis distances d = to the group centers may be

calculated as set out in equation (36):



t k = k (t - C k )

where t is the feature vector, as determined above by equation (34), C k is the

center, is the variance, and is the projection matrix of the group k . The

closest one of the event classification groups may be determined with equation

(37), while the distance
m

to the closest group may be determined using equation

(38

In addition to determining a probable event classification group membership

for a given event, the accuracy of the class prediction may be determined. For

example, the posterior value Pr(H .|t) that the event belongs to group j when it is

classified to belong to group j by the classifier may be close to 100% if the groups

are very well separated from each other. Under Bayes rule, the sample space is

divided into mutually exclusive regions, with Ω being the region for the group j .

Thus, in contrast to the posterior value Pr(H .|t) , the probability Pr(t H .)

provides an estimate of the proportion of cases in the '-th group's population that are

further from the centroid than t . Accordingly, the probability Pr(t H .) may be

used to develop an empirical estimate for the classification result, such as in the

manner of an outlier detector.

A nonexclusive illustrative example of a probability estimation process or

method for estimating the probability of correctly classifying a power line event, such

as for implementing the probability estimation element 220 of the event type

classification module 94, is schematically illustrated in a flow chart at 288 in Fig. 29.

Although the actions of the method may be performed in the order in which they are

presented below, it is within the scope of this disclosure for the following actions,

either alone or in various combinations, to be performed before and/or after any of

the other following actions.



As shown in Fig. 29, tunable parameters High , Med , TLow may be acquired,

as indicated at 290, with ig being a threshold for a high relative probability of

correct classification, Med being a threshold for a medium relative probability of

correct classification, and LOW being a threshold for a low relative probability of

correct classification. Subsequently, based on the results of the decision tree 292, a

determination may be made whether there is a high, medium or low probability of a

correct classification, or whether the classification is incorrect. As may be

understood, when the calculations are based on example groups used in the design

phase, such a probability estimation gives "relative" probabilities. For example, if

< ig , a high probability of a correct classification relative to the example

groups is indicated; if m ≥ High but d m < Med , a medium probability of a correct

classification relative to the example groups is indicated; and if d i ≥ Med but

d < TLow , a low probability of a correct classification relative to the example

groups is indicated. If d ≥ LOW , set k = 0 and indicate that, in a relative sense,

the group corresponding to the smallest distance measure is not a correct

classification for the event, as indicated at 294.

The tunable parameters may be adjusted to suit a particular dataset. For

example, almost all the data points are usually inside the 3σ - ηη ί or threshold. Thus,

for example, the probability of correct classification may be deemed "High" if the data

point is inside the 3σ - ηη ί { ig = 3σ ) . The probability of correct classification may

be deemed "Medium" if the data point is outside the 3σ - ηη ί but within the 7σ - ηη ί

( Med = 7σ ) . The probability of correct classification may be deemed "Low" if the

data point is located between the 7σ - ηη ί and a distance rejection threshold such as

the 25a-limit ( TLOW = 25σ ) .

It should be understood the above-disclosed methods may be applicable to

classifying PMZ, AMZ and/or UMZ power line events.

A nonexclusive illustrative example of a process or method for power line

event zone identification , such as for implementing the event zone identification

module 92, is schematically illustrated in a flow chart at 300 in Fig. 30. Although the

actions of the method may be performed in the order in which they are presented

below, it is within the scope of this disclosure for the following actions, either alone or



in various combinations, to be performed before and/or after any of the other

following actions. As shown in Fig. 30, the illustrated method 300 includes receiving

input, such as measured data corresponding to a signal measured on a power line at

block 302, determining from the measured data that a power line event has occurred

at block 304, and identifying a probable one of at least two monitoring zones in which

the power line event occurred at block 306. In some examples, the at least two

monitoring zones may be defined for an IED such as the IED 36 shown in Fig. 1. For

example, the at least two monitoring zones may include any two or more of the PMZ

40, the AMZ 42 and the UMZ 44. Although various aspects of the method 300 are

explained in further detail below with reference to the distribution feeder shown in

Fig. 2, it should be understood that the method 300 and its various aspects may be

used for zone identification of other power line events such as transmission line

events.

When receiving input data or signals , the systems and methods disclosed

herein may receive measured data corresponding to a signal measured by an IED

protecting a power line, such as proximate a substation bus. The measured signals

may include current or currents measured along a power line, such as proximate a

substation bus, and/or voltages measured proximate the substation bus. For

example, measured three-phase substation bus currents ( iabc ) may be received from

the IED 72 shown in Fig. 2, which is connected to the feeder 70 and configured to

measure current along the feeder 70 proximate the substation 78. The subscripts a ,

b and c of i abc correspond to the three phases 70a, 70b and 70c of the feeder 70. In

some examples, the data measured for i abc may be digitally sampled.

A nonexclusive illustrative example of an event zone identification module 92,

which may embody the systems and methods for power line event zone

identification, is shown in Fig. 3 1 along with nonexclusive illustrative examples of

inputs to, and outputs from, the module. The event zone identification module 92

receives input 3 10 in the form of a signal, such as for example, three-phase

substation bus currents ( i abc ) , measured proximate a substation bus. In some

examples, the input signal may optionally include a voltage measured at or

proximate the substation bus. The signal may be measured by an IED connected to

a power line and configured to measure, for example, current along the power line

proximate the substation bus. In some examples, the three-phase substation bus



currents ( iabc ) may be measured outside the substation, such as at any suitable

location along the power line.

In some examples, the input to the event zone identification module 92 may

be processed and/or enhanced prior to being input to the module, such as to reduce

computational complexity and/or to estimate the beginning, end and/or duration of a

transient that caused an event. For example, as shown in Fig. 3 1 , a transient

isolation may be performed on the measured signal, as indicated at 3 12, such that

three-phase transient substation bus currents are input to the module 92. Transient

data, or a transient signal, corresponding to the power line event may be isolated

from the measured data or signal using any suitable approach such as the transient

isolation method 158 discussed above. In some examples, the system 80, such as

by way of the event type classification module 94, may provide a probable

classification for the event, as indicated at 314, based at least partially on the

isolated transient data or the isolated transient signal.

As shown in Fig. 3 1, the illustrated event zone identification module 92, and

the methods embodied therein, may proceed through four elements: event feature

extraction, as indicated at 320, a first decision node, as indicated at 322, a second

decision node, as indicated at 324, and a probability calculation, as indicated at 326.

As indicated at 328, the event zone identification module 92 produces results or

output, which may be presented to an operator/user and/or utilized by other aspects

of the electrical power distribution automation system. The outputs may be in the

form of a probable, or even a most probable, identification of the zone in which the

event occurred, and may include, in some examples, a probability indicator or an

estimated probability that characterizes the confidence that the event zone was

correctly identified.

In some examples, event zone identification may be accomplished after the

transient isolation procedure and event feature extraction by using a binary decision

tree such as the binary decision tree 332 shown in Fig. 32. The decision tree 332 is

an upside-down tree composed of two decision nodes 334, which are represented by

ovals, and three leaves 336, which are represented by squares. In the illustrated

example, at the first decision node 322, a decision is made whether the event is

probably a PMZ event (PMZ class), as indicated by leaf 338, or the event is probably

a non-PMZ event (non-PMZ or AMZ + UMZ class). At the second decision node



324, a decision is made whether the event is probably an AMZ event (AMZ class), as

indicated by leaf 340, or probably a UMZ event (UMZ class), as indicated by leaf

342. As may be understood, the leaves represent the results of the decisions made

at the decision nodes, such as based on the transient characteristics defined for

each decision node.

In the first decision node 322 (PMZ class or non-PMZ class), the decision may

be a binary hypothesis testing based on a first feature, f . The two hypotheses, H

and H 2 , are set out in equations (39) and (40):

H : Event belongs to PMZ class (39)

H 2 : Event belongs to AMZ + UMZ class (40)

Two probability density functions may be assumed, one for each hypothesis: P f

under H and P2 (fi) under H . In some examples, the Neyman-Pearson

criterion, which is a strategy based on the likelihood ratio, may be used for the

decision making and formulated as set out in equation (41 ) :

The decision level λ may be determined by any suitable method, such as using a

pre-assigned value of the probability of the event being a PMZ event. As the

likelihood ratio depends only on f , a decision level τ for f that corresponds to λ

can be numerically calculated from the equality set out in equation (42):

P )
= λ . (42)

In some examples, the same or a similar method may be used for the second

decision node 324 (AMZ class or UMZ class).

A number of attributes or features may be utilized in the first decision node

322 for distinguishing PMZ events (PMZ class) from AMZ or UMZ events (non-PMZ

class). However, the suitability of a particular proposed feature may depend on the

feature's simplicity and/or its discriminating power. For example, the first feature,

f , may be defined as in Error! Reference source not found..



where the minima are calculated using the first Nc samples (the number of samples

being set, for example, by the hardware specifications) of the current transient and

the maximum being calculated for the whole current transient (N t samples). In some

examples, as with equation Error! Reference source not found., the first feature

f may be calculated using only current signals; that is, without using voltage

signals.

The first feature f defined in equation (43) relies on a unique underlying

behavior of the Park's vector used in the transient isolation, as discussed above. In

particular, as reflected in Fig. 33, the Park's vector has negative values during the

first cycle of the transient for AMZ or UMZ events (middle and right graphs). In

contrast, the Park's vector for a PMZ event are positive during the first cycle of the

transient (left graph). The discriminating power of this definition for the first feature,

f is illustrated in the scatter plot of Fig. 34 for 300 cases. As may be seen, the

PMZ events are generally well separated from AMZ and UMZ events, with minimum

overlapping in the three-sigma (3σ ) regions and only three PMZ cases outside the

3c-limits. The PMZ cases outside the 3c-limits in Fig. 34 may be switching

transients with small negative values about one cycle from the beginning of the

transient. However, by optimizing or tuning the transient window, for example, by

using slightly less than N samples, such as about 85%, these cases can also be

correctly classified as shown in Fig. 35.

Figs. 36 and 37 show the estimated distribution functions for f using

candidate kernel functions. Fig. 36 compares the distributions obtained with two

parametric models (Gaussian model and 3-parameter lognormal model) and two

non-parametric models (Gaussian and Epanechnikov kernels). As may be seen

from Fig. 36, the non-parametric models are quite similar for this data set, and the 3-

parameter lognormal model may be used for probability calculations. Fig. 37 shows

the estimated probability distributions for all three classes of data (PMZ, AMZ, and

UMZ events). As may be seen from Fig. 37, with the decision level 344 set at -0.1 5 ,



the probability of identifying or determining that an event occurred in the PMZ is

better than about 99.99%, while the probability of falsely or incorrectly identifying or

determining that an event occurred in the PMZ, when the event actually occurred in

the AMZ or in the UMZ, is less than about 0.50%.

However, as may be seen from the strong overlapping of the AMZ and UMZ

event classes in Fig. 37, the first feature f , as defined in (43), has a relatively low

dischminating power with regard to AMZ and UMZ event classes such that f is not

an appropriate attribute for the second decision node 324. Thus, for the second

decision node 324 (AMZ class or UMZ class), a second feature, f 2 , or set of

features may be developed for class discrimination. An example attribute may be

based on the autocorrelation sequence as depicted in Fig. 38. The mean values of

the autocorrelation sequences of the transient current calculated for AMZ and UMZ

events differ noticeably from each other. This characteristic can be developed into a

feature by finding the best linear transformation that maps the autocorrelation

sequence into one number using linear discriminate analysis (LDA). The

transformation matrix, in this case a vector g , found by LDA is presented in Fig. 39.

Accordingly, the second feature f 2 may be defined in equation (44) as:

where g[n] is an element of the transformation vector g and is the

autocorrelation sequence of the transient i . The autocorrelation sequence is

normalized so that the autocorrelations at zero lag are identically equal to one. As

with the first feature f , in some examples, the second feature f 2 may be

calculated using only current signals.

A scatter plot of the second feature f 2 is shown in Fig. 40 with estimated

probability density functions depicted in Fig. 4 1 . As may be seen in Figs. 40 and 4 1,

the AMZ events are now well separated from the UMZ events, including at the 3σ-

limits. As may be seen, only one AMZ value is outside the 3c-limits.

As may be seen in Fig. 4 1, the density function 346 for UMZ events is

bimodal, which can be verified from the autocorrelation sequences calculated for



UMZ events, which are shown in Fig. 42. The bimodal density function for UMZ

events indicates that there are two distinct UMZ events in the example data set.

However, for the sake of classification in the second decision node 324, the

normality approximation may be sufficient. As may be seen from Fig. 4 1 , with the

decision level 348 set at 0.1 0, the probability of identifying or determining that an

event occurred in the AMZ is better than about 99.99%, while the probability of

falsely or incorrectly identifying or determining that an event occurred in the UMZ,

when it actually occurred in the AMZ, is less than about 0.50 % .

A nonexclusive illustrative example of a method for power line event zone

identification, such as for execution by or with the event zone identification module

92, is schematically illustrated in a flow chart at 350 in Fig. 43. Although the actions

of the method may be performed in the order in which they are presented, it is within

the scope of this disclosure for the following actions, either alone or in various

combinations, to be performed before and/or after any of the other following actions.

As shown in Fig. 43, a first feature f may be calculated for the first decision

node 322, as indicated at 352. In some examples, the first feature f may be

calculated according to equation (43). An autocorrelation sequence M may be

calculated for the isolated current transient t , as indicated at 354. A second

feature f 2 may be calculated for the second decision node 324, as indicated at 356.

In some examples, the second feature f 2 may be calculated according to equation

(44).

As indicated at 358, a first probability p may be calculated. In some

examples, p may be calculated using equation (45) based on assumptions that a

given event is a PMZ event and the first feature f follows a 3-parameter lognormal

distribution:

where

(46)



where ln(z) is normally distributed, and the 3-parameter lognormal distribution has a

mean µ a standard deviation σ , and a threshold ξ .

A determination may be made at a first decision block 360 whether the first

feature f x is greater than a first threshold or decision level τ . If f is greater than

the first threshold τ , the zone is set to PMZ, as indicated at 362, and a second

probability p may then be calculated, as indicated at 364. In some examples, p 2 is

calculated using equation (47) based on assumptions that a given event is an AMZ

event and the feature f follows the normal distribution.

with the mean µ and standard deviation σ
12

.

At 366 a third probability p is calculated. In some examples, p is

calculated using equation (48) based on assumptions that a given event is a UMZ

event and the feature f x follows the normal distribution.

with the mean µ and standard deviation
13

.

Next, at 368, the raw probabilities may be normalized to obtain relative

probabilities according to equations (49), (50) and (51 ) :

If, at the first decision block 360, feature f x is not greater than or above

threshold τ , a determination may be made at a second decision block 370 whether

f 2 is above a second threshold or decision level r 2 . If f 2 is greater than the



second threshold τ2 , the zone is set to AMZ, as indicated at 372, and a second

probability p 2 may then be calculated, as indicated at 374. In some examples, p 2 is

calculated using equation (52) based on assumptions that a given event is an AMZ

event and the feature f 2 follows the normal distribution.

with the mean µ and standard deviation σ
2 1

.

At 376, a third probability p is calculated. In some examples, p is

calculated using equation (53) based on assumptions that a given event is a UMZ

event and the feature f 2 follows the normal distribution.

with the mean µ and standard deviation σ
22

.

Next, at 368, the raw probabilities p , p 2 and p may be normalized as

discussed above. If, at the second decision block 370, f 2 is not greater than or

above r 2 , then the zone is set to UMZ, as indicated at 378, a second probability p 2

is calculated, as indicated at 374, and a third probability p is calculated, as

indicated at 376. In some examples, p 2 may be calculated according to equation

(52), and p may be calculated according to equation (53). At 368 the raw

probabilities p , p 2 and p are normalized as discussed above.

Thereafter, results such as the zone in which an event occurred and a

probability value regarding the zone identification may be output to an operator, as

indicated at 328 in Fig. 3 1 . For example, the system or method may identify the

PMZ as the zone where the event probably occurred. Additionally, where the system

or method indicates a high probability that the event occurred in the PMZ, an

operator can have relatively high confidence in the accuracy of the PMZ

identification. In some examples, other or additional outputs might be provided to

advanced users/engineers, such as an event classification or the characteristics of a

device that operated in response to the event, such as to clear a fault.



The following paragraphs describe nonexclusive illustrative examples of

methods for power line event zone identification and variations thereof, using the

concepts and components disclosed herein. Although the actions of the disclosed

methods and variations thereof may be performed in the order in which they are

presented below, it is within the scope of this disclosure for the actions, either alone

or in various combinations, to be performed before and/or after any of the other

actions. Methods for power line event zone identification may include receiving

measured data corresponding to a signal measured on a power line, determining

from the measured data that a power line event has occurred, and identifying a

probable one of at least two monitoring zones in which the power line event

occurred. In some examples, the measured data may be received from the IED for

which the at least two monitoring zones may be defined.

In some examples, the at least two monitoring zones for the IED may include

a primary monitoring zone 40, an adjacent monitoring zone 42, and an upstream

monitoring zone 44. In such examples, identifying the probable one of the

monitoring zones may include deciding whether or not the power line event probably

occurred in the primary monitoring zone.

In some examples, a first feature may be extracted from the measured data.

In such examples, identifying the probable one of the monitoring zones may include

deciding that the power line event probably occurred in the primary monitoring zone

when the first feature is greater than a first threshold.

In some examples, a second feature may be extracted from the measured

data. In such examples, identifying the probable one of the monitoring zones may

include deciding that the power line event probably occurred in either the adjacent

monitoring zone or the upstream monitoring zone when the first feature is not greater

than the first threshold, deciding that the power line event probably occurred in the

adjacent monitoring zone when the second feature is greater than a second

threshold, and deciding that the power line event probably occurred in the upstream

monitoring zone when the second feature is not greater than the second threshold.

In some examples, the signal may be a current along the power line

measured proximate a substation bus, with at least one of the first and second

features being extracted from the measured current.

In some examples, transient data corresponding to the power line event may

be isolated from the measured data, with the probable one of the monitoring zones in



which the power line event occurred being identified from the isolated transient data.

The first and/or second feature may be extracted from the isolated transient data. In

some examples, isolating the transient data may include applying Park's

transformation to the measured data. In some examples, at least one event feature

may be extracted from the isolated transient data, and at least one probable

classification for the power line event may be determined at least partially from the at

least one event feature.

In some examples, the power line event may be a fault that occurred in at

least one phase and was cleared. In such examples, reference data may be

subtracted from the measured data to estimate residual fault data, and a

characteristic of a device that operated to clear the fault may be estimated from the

residual fault data.

As may be understood, the system 80 and/or the methods embodied therein

may perform any combination of the methods and processes disclosed herein. For

example, in addition to identifying a probable monitoring zone in which a power line

event occurred, the disclosed systems and methods may classify the event and/or

estimate a characteristic of a device that operated in response to the event, such as

where the event was a fault that was cleared and the characteristics of a device that

operated to clear the fault are estimated. Likewise, in addition to classifying a power

line event, the disclosed systems and methods may identify a probable monitoring

zone in which the event occurred and/or estimate a characteristic of a device that

operated in response to the event, such as where the event was a fault that was

cleared and the characteristics of a device that operated to clear the fault are

estimated. In some examples, in addition to estimating a characteristic of a device

that operated in response to an event, such as where the event was a fault that was

cleared and the characteristics of a device that operated to clear the fault are

estimated, the disclosed systems and methods may classify the event and/or identify

a probable monitoring zone in which the event occurred.

Although the above disclosure includes examples directed to general power

line events as well as examples directed more specifically to faults, it is within the

scope of the present disclosure that the various concepts of the disclosed systems

and methods, including those discussed with regard to faults, may be applicable to

general power line events as well as to faults.



The disclosed methods and systems may be embodied as or take the form of

the methods and systems previously described, as well as of a transitory or non-

transitory computer readable medium having computer-readable instructions stored

thereon which, when executed by a processor, carry out operations of the disclosed

methods and systems. The computer-readable medium may be any medium that

can contain, store, communicate, propagate, or transport the program instruction for

use by or in connection with the instruction execution system, apparatus, or device

and may, by way of example but without limitation, be an electronic, magnetic,

optical, electromagnetic, infrared, or semiconductor system, apparatus, device, or

propagation medium or other suitable medium upon which the program is recorded.

More specific examples (a non-exhaustive list) of such a computer-readable medium

may include: a portable computer diskette, a hard disk, a random access memory

(RAM), a read-only memory (ROM), an erasable programmable read-only memory

(EPROM or Flash memory), an optical fiber, a portable compact disc read-only

memory (CD-ROM), an optical storage device, a transmission media such as those

supporting the Internet or an intranet, or a magnetic storage device. Computer

program code or instructions for carrying out operations of the disclosed methods

and systems may be written in any suitable programming language provided it allows

achieving the previously described technical results.

The instructions may be configured for execution on any device having

sufficient processing power and access to the required data, which may support or

allow real-time operation and/or automated notification or operation. For example,

the processor that executes the instructions may be communicatively linked to the

IED and located in any suitable location, such as in a computer, server or gateway

located at the substation or in a control room. In some examples, the method may

be performed at least partially within the IED. For example, some lEDs may have

sufficient processing power such that the methods may be fully embedded into an

IED platform.

It is believed that the disclosure set forth herein encompasses multiple distinct

inventions with independent utility. While each of these inventions has been

disclosed in its preferred form, the specific embodiments thereof as disclosed and

illustrated herein are not to be considered in a limiting sense as numerous variations

are possible. The subject matter of the disclosure includes all novel and non-

obvious combinations and subcombinations of the various elements, features,



functions and/or properties disclosed herein. Similarly, recitation in the disclosure

and/or the claims of "a" or "a first" element, or the equivalent thereof, should be

understood to include incorporation of one or more such elements, neither requiring

nor excluding two or more such elements.

It is believed that the following claims particularly point out certain

combinations and subcombinations that are directed to one of the disclosed

inventions and are novel and non-obvious. Inventions embodied in other

combinations and subcombinations of features, functions, elements and/or

properties may be claimed through amendment of the present claims or presentation

of new claims in this or a related application. Such amended or new claims, whether

they are directed to a different invention or directed to the same invention, whether

different, broader, narrower or equal in scope to the original claims, are also

regarded as included within the subject matter of the inventions of the present

disclosure.



What is claimed is:

1. A method for characterizing a device that operated to clear a fault in a

power distribution system feeder, the method comprising:

receiving measured data corresponding to a current measured along the

feeder proximate a substation bus;

determining from the measured data that a fault has occurred in at least one

phase and has been cleared;

subtracting reference data from the measured data to estimate residual fault

data; and

estimating from the residual fault data a characteristic of the device that

operated to clear the fault.

2 . The method of claim 1, wherein the reference data corresponds to a

pre-fault current measured along the feeder proximate the substation bus prior to the

fault.

3 . The method of claim 2, wherein the measured data and the reference

data each include a plurality of samples, the method comprises extrapolating the

reference data over a period of time corresponding to the measured data, and the

reference data is subtracted from the measured data sample by sample.

4 . The method of claim 1, wherein the residual fault data approximates

fault current passed through the device, and the method comprises estimating from

the residual fault data a clearing time for the fault.

5 . The method of claim 4, wherein the characteristic is a device size

range.

6 . The method of claim 5, comprising calculating a fault energy from the

clearing time and the residual fault data, determining from the fault energy a

maximum device size, and comparing the clearing time and the approximated fault

current to a time-current characteristics curve for at least one device that is no larger

than the maximum device size.



7 . The method of claim 6, wherein the device is a fuse, the time-current

characteristics curve comprises minimum melt time and maximum clearing time

curves, the clearing time and the approximated fault current together define an

operating point for the device, and the method comprises:

forming a closed polygon from the minimum melt time and maximum clearing

time curves for the at least one device; and

determining whether the operating point is within the closed polygon.

8 . The method of claim 4, wherein the characteristic is a most probable

device size, the clearing time and the approximated fault current together define an

operating point for the device, and the method comprises:

calculating density functions for a plurality of device sizes;

calculating for the operating point a Mahalanobis distance for each of the

plurality of device sizes; and

identifying the most probable device size as the one of the plurality of device

sizes corresponding to the smallest Mahalanobis distance.

9 . The method of claim 4, wherein the characteristic is a device size, the

clearing time and the approximated fault current together define an operating point

for the device, and the method comprises:

providing a set of minimum melt time curves for a set of candidate device

sizes;

calculating a set of modeled parameters, wherein each of the modeled

parameters is calculated from one of the set of minimum melt time curves;

calculating an operating parameter from the operating point for the device;

determining a largest one of the set of modeled parameters that is not greater

than the operating parameter; and

identifying as an estimate for the device size the one of the set of candidate

device sizes corresponding to the determined largest one of the set of modeled

parameters.



10 . The method of claim 1, wherein the feeder includes phases a, b and c,

the method com risin determining a number of most-affected phases N
Ph

from:

where I MS is the RMS current through a k- i one of phases a, b and c, and

IRMSP the RMS current through a p- one of phases a, b and c .

11. The method of claim 10, comprising identifying as most-affected

phases the N
Ph

ones of phases a, b and c that have a larger RMS current

therethrough than do the remaining ones of phases a, b and c .

12 . The method of claim 1, comprising:

extracting at least one event feature from the measured data; and

determining at least partially from the at least one event feature at least one

probable classification for the fault.

13 . The method of claim 1, wherein the measured data is received from an

IED, and the method comprises:

isolating from the measured data transient data corresponding to the fault;

defining at least two monitoring zones for the IED; and

identifying from the isolated transient data a probable one of the monitoring

zones in which the fault occurred.

14. The method of claim 13, comprising determining a most probable

classification for the fault.



15 . A computer readable storage medium having embodied thereon a

plurality of machine-readable instructions configured to be executed by a computer

processor to estimate a characteristic of an interrupting device that has operated to

clear a fault, the plurality of machine-readable instructions comprising instructions to:

receive measured data corresponding to a current measured along a feeder

proximate a substation bus;

determine from the measured data that a fault has occurred in at least one

phase of the feeder and has been cleared;

subtract reference data from the measured data to estimate residual fault

data; and

estimate from the residual fault data a characteristic of the device that

operated to clear the fault.

16 The computer readable storage medium of claim 15, wherein the

reference data corresponds to a pre-fault current measured along the feeder

proximate the substation bus prior to the fault.

17 . The computer readable storage medium of claim 15, wherein the

residual fault data approximates fault current passed through the device, and the

plurality of machine-readable instructions comprise instructions to estimate from the

residual fault data a clearing time for the fault.

18 . The computer readable storage medium of claim 17, wherein the

device is a fuse, the characteristic is a fuse size range, the clearing time and the

approximated fault current together define an operating point for the fuse, and the

plurality of machine-readable instructions comprise instructions to:

calculate a fault energy from the clearing time and the residual fault data;

determine from the fault energy a maximum fuse size;

form a closed polygon from a minimum melt time curve and a maximum

clearing time curve for at least one fuse that is no larger than the maximum fuse

size; and

determine whether the operating point is within the closed polygon.



19 . The computer readable storage medium of claim 17, wherein the

characteristic is a most probable device size, the clearing time and the approximated

fault current together define an operating point for the device, and the plurality of

machine-readable instructions comprise instructions to:

calculate density functions for a plurality of device sizes;

calculate for the operating point a Mahalanobis distance for each of the

plurality of device sizes; and

identify the most probable device size as the one of the plurality of device

sizes corresponding to the smallest Mahalanobis distance.

20. A system for estimating a characteristic of a device that has operated

to clear a fault, the system comprising:

an IED connected to a feeder and configured to measure current along the

feeder proximate a substation bus; and

a processor linked to the IED and configured to execute instructions to

perform a method comprising:

determining from the measured current that a fault has occurred in at

least one phase and has been cleared;

subtracting a reference current from the measured current to estimate

a fault current passed through the device; and

estimating from the fault current a characteristic of the device that

operated to clear the fault.

2 1 . The system of claim 20, wherein the reference current is a pre-fault

current measured along the feeder proximate the substation bus prior to the fault.



22. The system of claim 20, wherein the device is a fuse, the characteristic

is a fuse size range, the clearing time and the fault current together define an

empirical operating point for the fuse, and the method comprises:

determining from the fault current a clearing time for the fault;

calculating a fault energy from the clearing time and the fault current;

determining from the fault energy a maximum fuse size;

forming a closed polygon from a minimum melt time curve and a maximum

clearing time curve for at least one fuse that is no larger than the maximum fuse

size; and

determining whether the empirical operating point is within the closed

polygon.

23. The system of claim 20, wherein the characteristic is a most probable

device size, and the method comprises:

determining from the fault current a clearing time for the fault, wherein the

clearing time and the fault current together define an empirical operating point for the

device;

determining density functions for a plurality of device sizes;

calculating for the empirical operating point a Mahalanobis distance for each

of the plurality of device sizes; and

identifying the most probable device size as the one of the plurality of device

sizes corresponding to the smallest Mahalanobis distance.

24. The system of claim 20, wherein the method comprises:

extracting at least one event feature from the measured current;

determining at least partially from the at least one event feature at least one

probable classification for the fault;

isolating from the measured current transient current corresponding to the

fault;

defining at least two monitoring zones for the IED; and

identifying from the isolated transient current a probable one of the monitoring

zones in which the fault occurred.
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