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ABSTRACT 

SAHOO, SANUJIT. Fault Cause Identification and High Impedance Fault Detection in 

Distribution Feeders. (Under the direction of Dr. Mesut E. Baran). 

Outages in the power system are caused by faults. These faults can be caused due to a sudden 

event like a tree falling on an overhead line in a storm or may take place due to the gradual 

occurrence of precursor events finally leading to a permanent fault. Using the data from PQ 

monitors installed at the substations of distribution feeders, we have developed two methods. 

The first method predicts the cause of a fault immediately after its occurrence thus helping in 

quicker restoration of service. The second method detects high impedance faults which are 

one of the indicators of vegetation contact with overhead lines. The utility can use this 

method to take corrective actions before it culminates into an outage causing fault. 
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CHAPTER 1: INTRODUCTION AND MOTIVATION 

Outages in the power system result in great financial losses for industrial institutions and lot 

of inconvenience for the customers. It is estimated that power outages and disturbances cost 

the U.S. economy between $80 billion and $188 billion per year [1]. According to the Power 

Outage Annual Report 2012 by Eaton [2], 25 million people were affected by outages in 

2012. It also summarized that the total duration of all outages combined was approximately 

1243 hours. Due to these reasons, a lot of research is being done to address this grave issue. 

There are two ways of addressing the problem of outages in a power system: 

 Some outages in the system are very unpredictable. Some examples being, a tree 

falling on an overhead line during a storm, a vehicular accident causing damage to 

electric poles and an animal inadvertently coming in contact with power system 

equipment like transformer, etc. It is not possible to prevent outages caused due to 

events like these. However methods can be developed for quicker restoration after 

such an outage has occurred. 

 Some outages, however, can be prevented. These outages are caused by faults which 

are preceded by other events. If these events can be detected then the fault can be 

predicted and preventive actions can be taken so that the fault does not happen. One 

example is faults caused due to component failure in the system. Most of the times, a 

component does not fail suddenly. The condition of a component deteriorates with 

time due to different types of stresses (including normal aging, weather, electrical 

transients, mechanical stresses, and normal wear and tear) [3] and once the degrading 
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component has deteriorated beyond a certain point it starts producing temporary 

faults called incipient faults in the system. Since these are temporary faults, they are 

generally not detected by conventional protection devices. Another example would be 

the faults caused due to gradual contact of trees with overhead lines. They may not 

result in breaking of conductors but they are accompanied with arcing and can lead to 

permanent faults.  If these events can be successfully detected, the utility can take 

corrective actions immediately and prevent a fault from occurring. 

In this project, we have attempted to address both these challenges in the following ways:   

 For quick restoration of services, the fault needs to be located and the cause of the 

fault needs to be identified. If this information can be predicted quickly after the 

occurrence of the fault, it will help the utility to take corrective actions immediately 

rather than waiting for inputs from linemen who were sent to locate the fault. This 

will greatly help in decreasing repair time and reduce restoration time significantly. A 

method for locating faults in the distribution feeder has already been developed by 

our group members [4]. In the first phase of this project a Fault Cause Identification 

method was developed to predict if the fault was caused due to a tree or an animal 

contact. 

 A High Impedance Fault Detection method was developed in the second phase of 

the project. High impedance faults are caused when tree branches come in contact 

with overhead lines. Their successful detection would help in predictive maintenance.  
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The focus in this work has been on disturbances occurring in distribution feeders. The 

developed methods use data from Power Quality (PQ) monitors installed in substations to 

record current and voltage waveforms in case of any disturbances. 
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CHAPTER 2: FAULT CAUSE IDENTIFICATION 

2.1 Introduction 

Outages are mostly caused by faults in the power system. Faults can occur in any part of the 

power system – generation, transmission or distribution. In this project faults occurring in the 

power distribution system have been considered. Knowing the root cause of a fault would 

greatly help in taking quick remedial steps and hence would help in faster restoration of 

services after an outage. There can be many causes of a fault. Trees and animals are two 

major causes of faults in the power system. The goal was to develop a method through which 

it could be predicted if trees or animals caused a fault immediately after its occurrence. 

2.2 Literature Review 

A lot of work has been done on automatic classification of power quality disturbances. Most 

of the research has been focused on classifying both time-characterized (sags, swells and 

interruptions) and frequency-characterized (fast and normal capacitor switching, normal 

variation, harmonics and impulse) power distribution line disturbances [5][6][7][8].  A 

typical two step approach is followed in most of these papers. In the first step, features are 

extracted from the current and voltage waveforms directly or from their transformed version 

(Fourier transform, Wavelet transform, etc.). The second step involves classification using 

the extracted features. Classification algorithms like Artificial Neural Networks, Hidden 

Markov Models and Fuzzy expert systems in addition to rule based methods have been used. 

However, research towards fault cause identification in power distributions systems has been 

comparatively less. Two groups – one under Dr. Santoso at University of Texas, Austin and 
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the other under Dr. Chow at North Carolina State University, have worked extensively on 

this problem. While Dr. Santoso’s group has focused on extracting information from 

waveform data (obtained during the faults) as well as non-waveform data, Dr. Chow’s group 

has developed methods using only non-waveform data. Both the approaches have been 

discussed and used in our work. 

2.2.1 Waveform based methods 

Kulkarni et al. have studied voltage waveforms obtained from PQ monitors for faults caused 

due to tree contacts, animal contacts and lightning in [9]. The waveforms, sampled at the rate 

of 128 samples per cycle, were obtained from PQ monitoring stations located in an electric 

supply utility in the Northeastern part of the United States. Signatures analyzed include:  

 Time of occurrence 

 Fault insertion angle 

 Number of affected phases 

 Time duration of fault 

 Wavelet domain analysis 

 Arc voltage 

It was found that for there was some correlation between the faults and some of the features. 

For example, most of the tree contact events took place in the fall season. However, these 

faults could not be distinguished just on the basis of values obtained from a particular 

signature. They also concluded that a feature like time duration of fault was an inconclusive 

characteristic.  
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In [11][12], the above work was continued and different classification algorithms were 

applied to the features to differentiate the events. In addition to the features mentioned above, 

a new feature, Fault impedance magnitude, was also used for classification. Nunez et al. used 

Multivariate Analysis of Variance (MANOVA) and CN2 induction algorithm in [11] to find 

the relevancy of features and extract a rule set from the data set to classify the faults into the 

three categories - tree caused, animal caused and lightning caused. The flowchart of their 

method is shown in Figure 1. 

 

Figure 1: Classification methodology for power quality events based on fault cause identification 
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Their method was able to classify 66% percent of the tree caused faults and 64% of the 

animal caused faults correctly. It should be noted that the same dataset which was used for 

obtaining the rules i.e. for training was used as the testing dataset and the performance was 

calculated using that. 

A classifier based on Support Vector Machines was used for classification in [12]. Since 

SVMs are binary classifiers, three SVMs were used - one each for each cause type. The same 

features were used to train the SVM. The flowchart for the method is shown in Figure 2.  

 

Figure 2: SVM-based classification framework for power quality events based on fault cause identification 
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The final decision was taken after getting the outputs from the three SVMs. The authors 

concluded that the accuracy of the SVM-based methodology was superior compared to the 

rule-based one in their previous work. Using this method, 74% of the tree caused faults and 

88% of the animal caused faults were classified correctly. In their work, the training dataset 

was a subset of the testing dataset. They used 60% of the data for training and 100% of the 

data for testing.  

In [13], new features obtained from current waveforms were also used for fault cause 

identification. The dataset was obtained from over 60 PQMs installed, during five years 

(2002–2006), on 12.47-kV distribution networks. In addition to the features mentioned 

above, other features like  

 Maximum Change of the Voltage Magnitude 

 Maximum Change of the Current Magnitude  

 Maximum Zero Sequence Voltage 

 Maximum Zero Sequence Current  

were used to classify faults into four categories - tree, animal, lightning and cable faults using 

CN2 induction algorithm. They concluded that the weather had a high influence on external 

faults (tree, animal and lightning caused) but more work is needed to done to describe the 

relationships in a better manner. 
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2.2.2 Non-Waveform based methods 

Fault cause identification was done without waveform analysis in [14][15][16][17]. The data 

was obtained from Duke Energy which has a detailed Power Distribution Fault Data 

Collection System. Fault data is recorded and stored each time when a fault current is 

detected due to the activation of some protective device. The following information fields 

were stored for each abnormal event: 

 CI (Circuit ID) = {all the circuit identification numbers under consideration} 

 WE (Weather) = {fair, cold, rain, wind, wind & lightning, lightning, hail, snow, ice, 

hot} 

 SE (Season) = {spring, summer, fall, winter} 

 DW (Day of Week) = {Monday, Tuesday, Wednesday, Thursday, Friday, Saturday, 

Sunday} 

 TD (Time of Day) = {midnight, morning, afternoon, evening} 

 NP (Number of Phases Affected) = {1, 2, 3, no information} 

 PD (Protective Device) = {Transmission Device, Station, Circuit Breaker, Line 

Recloser, Primary Fuse, Transformer, Fuse, Transformer CSP, Panel Base, SEC/SVC 

Self Clearing, Manual Device, Primary Self Clearing} 

The Analysis and classification of Tree Contact Faults and Animal Contact Faults was 

performed by using features obtained after processing the above information fields. In [14], 

the following measures were calculated to analyze tree caused faults in the distribution 

feeder:  
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 Actual number of faults: Total number of tree faults for each region 

 Normalized values: 

      
                            

                             
 

 Relative values: It gives the relative measure of distribution of faults of event x that 

belong to factor y 

      
                                           

                                 
 

                           

                                         

 Likelihood values: It gives the likelihood of a fault happening given different 

conditions 

      
                                       

                                        
 

This measure can be considered as conditional probability of a tree fault given the 

event x. 

Using these values, logistic regression analysis was used to calculate the significance of the 

various factors with respect to classifying tree caused faults.  

A classifier for recognizing animal caused faults was designed in [15][16]. The same data (as 

mentioned above) was used and the likelihood measure was calculated. This was then used to 

train an artificial neural network to identify animal caused faults. The method proposed in 

[16] had an accuracy of 98% when presented with new and previously unseen data. 
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In [17], a tree fault classifier and an animal fault classifier was developed using Logistic 

Regression (LR) and Artificial Neural Network (ANN) and their performance was compared. 

It was found that the performance of ANN was better than that of LR. The accuracy of ANN 

on the test data set for the different regions was between 78.59% and 84.74% for tree caused 

faults while the accuracy of LR for different regions was between 77.7% and 84.91%. The 

problem of imbalanced data has been dealt in [18][19]. The immune-based algorithm, 

Artificial Immune Recognition System (AIRS) as well as a hybrid version which includes 

fuzzy classification also is applied to Duke Energy distribution systems outage data to take 

care of imbalanced data. 

2.3 Proposed Method 

Based on the literature search, a method has been developed to identify the cause of faults. 

The goal of the method is to predict if a particular fault in the power distribution system was 

caused due to a tree falling on the overhead line or due to an animal accidently coming in 

contact with the line. The flowchart for the method is shown in Figure 3.  

The method employs the following steps: 

Step 1. Data Processing: Historical data about the faults is obtained from the utility. 

They contain waveforms (current and voltage) and other details about the 

fault. This data needs to be processed so that relevant information can be 

obtained from it.  
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Step 2. Feature Extraction: Different features helpful for differentiating faults 

caused by trees and animals from the rest, are calculated from the data after 

processing it. 

Step 3. Feature Selection: Once the features have been extracted from the data, the 

best features are selected. This is done in order to remove redundant and 

irrelevant features which may adversely affect the performance of the 

classifiers.  

Step 4. Training the classifiers: The selected features are then divided into two sets. 

One set is used for training the classifier and the other for testing the trained 

classifier. Two separate classifiers are used – one for identifying tree caused 

faults and the other for identifying animal caused faults. Learning machines 

like neural networks and support vector machines are used as classifiers. 

Step 5. Testing the classifiers: Once the classifiers have learnt from the training data, 

they are then tested. Testing is done to assess their capability in correctly 

predicting the cause of a fault. Also, in our case, we wanted to see which 

classifying algorithm out of the two – Artificial Neural Networks and Support 

Vector Machines works better for classifying power system disturbances. 



13 

 

 

Figure 3: Flowchart of the Fault Cause Identification Method 

The implementation of the Fault Cause Identification Method in the real world would be a 

twofold process. The first part is a one-time process as shown in Figure 4. In the first part, all 

the outage related historical data of the utility would be processed and features would be 

extracted from them. These features will then be used for training the classifier. In this step, 

the classifier will learn about unique characteristics about these faults. Once the training is 

complete, the classifier is ready for installation and use. The historical data will no longer be 

required during the implementation of the method. In the second part, every outage caused in 

the distribution feeder would activate this method. Data (waveform and non-waveform) 

specific to that outage would be processed and the feature set would be obtained which 

Testing and Performance Evaluation of the Classifiers 

Training of the Tree caused fault classifier and the Animal caused fault classifer 

Model Selection for classifiers (SVM and ANN) 

Feature Selection 

Features Extraction 

Data Processing 

Historical data (waveform and non waveform) Procurement 
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would be fed into the trained classifier. This trained classifier would then predict the cause of 

the fault. The flow chart for this part is shown in Figure 5. 

 

Figure 4: Flowchart for First Part of real 

time implementation(One-time) 

 

 

Figure 5: Flowchart for Second Part of real time 

implementation(For every outage) 

2.3.1 Data Processing 

We have assumed that we would have access to the following data for making the cause 

prediction: 

 Waveform Data 

o Current and voltage waveforms measured at the substation during the fault. 

Training of the Fault classifier 

Model Selection 

Feature Selection 

Features Extraction 

Data Processing 

Historical data Procurement 

Utility takes proper corrective actions 

Fault Cause Identification Program Ends 

"Trained Classifier" identifies the cause 

Extraction of selected features 

Processing of data obtained from substation 

Fault Cause Identification Program Starts 

Outage caused due a fault 
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 Non Waveform Data 

o The exact time of the fault occurrence. 

o The weather conditions ("Clear Weather", "Extreme Temperature", "Major 

Storm", "Raining", "Snow/Ice", "Thunderstorm", "Missing") during the fault. 

In addition, we have assumed that the fault cause identification method will be used after a 

fault has been detected in the distribution system. Hence input waveforms correspond to fault 

data and waveforms corresponding to other non-fault events would not come for processing. 

This raw data cannot be directly used for feature extraction. The data is first processed and 

then the feature extraction module is executed. The two components of this module are 

discussed. 

Waveform Data Processing 

The steps used for waveform data processing are discussed below: 

 Selection of first event for a fault: It was observed that whenever a fault took place, 

multiple snapshots of waveforms were captured by the power quality monitors. 

Although the corresponding timestamps were different, they were very close to each 

other. The first step was to group theses waveforms based on the proximity of their 

timestamps and then pick the first set of waveforms from the group. This first set was 

then used for the analysis and prediction. 
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Figure 6: Events belonging to the same group 

In Figure 6, it can be seen from the START_TIME column that three different events 

have occurred very close to each other.  These events were grouped into one group 

and the first event (with EVENT_ID 365715) was used for feature extraction. The 

reason for doing so was to select that waveform which was recorded when the tree or 

animal actually came in contact with the line for the first time so that their unique 

signatures can be extracted. This also ensured that each outage had only set of 

waveforms corresponding to it. 

 Frequency Determination: The waveforms of current and voltage signals were 

obtained from different utilities. Hence, they had different sampling frequencies. The 

frequency for the waveforms was calculated from the time values. The following 

formula was used for the calculation: 

    
 

  
 

                      

                                                       

   was calculated for three values of    and averaged to get the final value of 

sampling frequency. 



17 

 

 Making the sampling frequency uniform: The data set obtained from EPRI 

Disturbance Library (ExpertMonitoring.com)[20] had waveforms from different 

utilities. As a result of this, they had different sampling frequencies. After the 

sampling frequencies for all the waveforms were determined, they were made 

uniform by setting them to the minimum sampling frequency (16 samples per cycle) 

so that all the waveforms can be uniformly analyzed. 

 Faulty phase determination: To determine the faulty phase(s), the following logic 

was used: 

o The peak current value for the three phases is calculated. 

o The phase which has the maximum peak current value is the faulty phase. 

o Other phases are also faulty if their peak current value is greater than 80% of 

the maximum peak current value. 

 Root Mean Square (RMS) Waveform calculation: The RMS waveforms are 

required in order to calculate the fault inception time. Half-cycle RMS values using 

eight samples at a time were calculated and this was done for all phases of current and 

voltage signals. 

 Fault inception time: The fault inception time is the time when the fault occurred in 

the system. It is marked with steep rise in the value of current in the affected phase(s). 

As a result of this increase in value, there is a spike for the first time in the RMS 

waveform of the faulty phase current. This helps us in detecting the exact time of 

fault inception. In our case, the first instance where there is an increment of 10% 



18 

 

between two consecutive points of the RMS faulty current, we have assumed that as 

the fault inception point. The two figures shown below illustrate this method. 

 

Figure 7: Current waveform for Event Id: 0243 (EPRI Data). The red star indicates the fault start time. 

 

Figure 8: RMS plot of current waveform for Event Id: 0243 (EPRI Data). The red star indicates the fault start time. 
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 Normalization of waveforms: The rated current and voltage for the signals from 

different utilities were different. So the values were normalized by dividing the 

waveform values by their pre-fault RMS values. Once the fault inception time has 

been calculated, the pre fault RMS value can be easily obtained.  

 Segmenting waveforms: The length of the signals for different events was different. 

The minimum length was three cycles. Hence, three cycles of data was taken for 

feature extraction which contained one cycle of pre fault data and two cycles of post 

fault when it was available. 

Non Waveform Data Processing 

The step used for non-waveform data processing is discussed below: 

 Conversion weather condition into numeric values: The weather condition for the 

faults were specified as string values like ‘Clear Weather’, ‘Extreme Temperature’, 

‘Major Storm’, etc. These string values were replaced with numeric values.  

2.3.2 Feature Extraction 

After the data has been processed, the feature extraction module is executed. Different 

features are calculated from the data. The various features and their extraction methods are 

discussed below.  

Waveform related features 

 Fault insertion phase angle: Fault insertion angle can be defined as the angle of the 

normal sine wave at the disturbance initiation point as shown in Figure 9. The voltage 
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gradient between the animal, or branch tree, and the overhead power line is high as 

the fault event occurs near the peak of the voltage wave. Hence a high value for this 

feature signifies as tree/animal fault cause [9]. 

 

Figure 9: Fault insertion angle measurement for a current waveform recorded during a fault 

 Maximum Change of the Voltage Magnitude: This corresponds to the maximum 

change of the voltage magnitude in absolute value during the fault insertion instant. 

The change in voltage magnitude is calculated for all the three phases at the fault 

insertion instant and the maximum is used as a feature [13].  
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 Maximum Change of the Current Magnitude: This is calculated in the same way 

described above from the current waveforms [13]. 

 Maximum Zero Sequence Voltage: This is an indicator of the degree of unbalance 

[13]. Highly unbalanced events have high zero-sequence voltage values. V0 is 

computed during the fault event from the three-phase voltage waveform using the 

following equation: 

            
                   

 
   

Feature Extraction using Discrete Wavelet Transform 

Wavelet Theory is the mathematics of dealing with non-stationary signals using a set of 

components that look like small waves, called wavelets. It provides multiple resolutions in 

both time and frequency. It is a linear transformation like the Fourier transform with one 

important difference: it allows time localization of a given signal with different frequency 

components.  They have the ability to focus on short-time intervals for high-frequency 

components and long-time intervals for low-frequency components, which in turn, improves 

the analysis of signals with localized impulses and oscillations, particularly in the presence of 

fundamental and low-order harmonics. The analyzing wavelets are called the “mother 

wavelets” and the dilated and translated versions are called the “daughter wavelets”. More 

details are given in Appendix A. 
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Multi resolution Analysis 

The multi-resolution analysis (MRA) of a signal involves decomposing the signal into 

detailed (high frequency component - Di) and smoothed (low frequency components - Ai) 

versions. MRA using discrete wavelet transform is shown in Figure 10 [21].  Then the results 

are down sampled by a factor of two and same two filters are applied to the output of Low 

frequency filter from the previous stage. The smoothed version retains the main feature of the 

signal while the detailed version retains the finer resolution component including sharp 

edges, transitions, etc.  

 

Figure 10: MRA of a signal using Discrete Wavelet Transform 

In the example shown in Figure 11, a five level decomposition of the signal “s” has been 

carried out. It can be seen that the d1 component contains the highest frequency component of 

the original signal and a5 contains the lowest frequency component of the signal. 
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Figure 11: Example of MRA using Wavelet Transform [21] 

Features Extracted using DWT 

Information in the higher frequency range may provide some insights about unique 

signatures of faults. In the literature survey also, features were extracted from high frequency 

components of the voltage waveforms. Keeping this mind, high frequency components of 

both the current and the voltage waveforms were obtained using discrete wavelet transforms. 
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A three level discrete wavelet decomposition is performed and the signals are broken into the 

following frequency bands 

 D1: 240 – 480 Hz 

 D2: 120 –240 Hz 

 D3: 60 – 120 Hz 

 A3: 0 – 60 Hz 

An example is shown in Figure 12. Three cycles of the current measured during the fault was 

taken and normalized with pre-fault RMS value. Then a three-level wavelet decomposition 

was done and its components were obtained. 

 

Figure 12: Wavelet Decomposition of a normalized current signal recorded during fault. Dotted red line indicates the 

fault inception 
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For the components D1, D2 and D3 the following features are calculated for both current and 

voltage waveforms: 

 Energy:    
∑   

  
   

 
 

o Energy_I_D1 

o Energy_I_D2 

o Energy_I_D3 

o Energy_V_D1 

o Energy_V_D2 

o Energy_V_D3 

 Maximum Component:                   

o Max_I_D1 

o Max_I_D2 

o Max_I_D3 

o Max_V_D1 

o Max_V_D2 

o Max_V_D3 

 Square of Maximum Component:             
   

o Max_Square_V_D1 

o Max_Square_V_D2 

o Max_Square_V_D3 

o Max_Square_I_D1 
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o Max_Square_I_D2 

o Max_Square_I_D3 

Hence for each phase, 18 features are calculated. For each feature, the maximum value out of 

the three phases is taken as the final value for the feature. 

Non - Waveform related features 

The following features are extracted from the time of the occurrence of the event: 

 Hour of the day: Takes values 0-23 based on the hour at which the event occurs 

 Month: Takes values 1-12 based on the month at which the event occurs 

The final feature extracted is discussed below: 

 Weather condition: For every event, the weather condition was specified and a strong 

dependence was found between the weather condition and the type of fault. Tree faults 

were more likely to occur in windy and stormy conditions while animal faults occurred 

mostly in clear conditions. 

Feature extraction from Non - Waveform data 

Likelihood measure indicates the probability that a fault is caused by a specific cause (Tree 

or Animal in our case) under a specified condition [17]. This measure can be expressed as 

      
    

  
 

where      is the likelihood measure of cause   given condition  ,      is the number of faults 

because of  cause   under condition  , and    is the total number of faults under condition. 
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For example, if   indicates the cause as tree contact with overhead lines and   indicates major 

storm conditions, then the likelihood      measure shows the conditional probability of the 

observed fault due to the tree cause given major storm conditions.  

In our case, we have calculated the likelihood measure separately for each feeder. For 

example, let us consider the case of faults caused in clear weather conditions. The likelihood 

measure for a tree caused fault in clear weather for a particular feeder would be the ratio of 

the number of all tree caused faults which took place in clear weather in that feeder to the 

number of all faults which took place in clear weather in that feeder. The idea behind this is 

to consider the effect of a feeder. If a feeder covers an area where there are no or very less 

trees, like downtown areas of cities, then no matter what the weather conditions are, the 

probability of a tree related fault is very low. This information can be captured when the 

likelihood ratio is taken feeder wise. 

The likelihood measure is related to both cause type and condition; the likelihood measure 

for tree-caused faults and that for animal-caused faults are different, even given the same 

condition. For a given data set, the likelihood measure table can be calculated for a particular 

feature as shown in Figure 13. The unprocessed non waveform features are replaced with the 

corresponding likelihood measure calculated for their feeder and this becomes the new 

feature set. 
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Figure 13: Likelihood measure table for tree caused faults for the "Month" feature 

2.3.3 Feature Selection 

In this module, the best features are selected and they are used for training the classifiers. The 

primary reasons for doing so are the following: 

 This helps in removing redundant and irrelevant features which may hamper the 

performance of the classifier. 

 Having a large number of features also affects the computational time taken during the 

training of the classifier. Lesser features would enable quicker learning of the classifier in 

the training module. 

Feeder 

Number/

Month 1 2 3 4 5 6 7 8 9 10 11 12

T4710B01 0.5 0.6 0 0.25 0.5 0 0.333333 0.5 0.928571 0.166667 0 0

T4710B02 0.125 0.416667 0 0.333333 0.333333 0 0.411765 0.333333 0.65 0 0 0

T4710B03 0 0.68 0 0.333333 0 0 0.333333 0.1 0.535714 0.666667 0 0.333333

T4710B04 0.5 0.555556 0 0 0 0.285714 0.636364 0 0.807692 0.125 0 0

T4710B05 0 1 0 0 0 0 0.5 0 0.5 0 0 0

T5010B01 0.095238 0.4 0.166667 0 0 0 0.1 0.037037 0.588235 0.142857 0.058824 0.068182

T5010B02 0.25 0.5 0.333333 0 0.333333 0.285714 0.428571 0.142857 0.615385 0 0 0.333333

T5010B03 0 0.166667 0.181818 0.125 0.214286 0 0 0 0.470588 0 0 0.346154

T5010B04 0 0 0 0 0 0.1 0.25 0 0.2 0 0 0.058824

T5010B05 0.057143 0.222222 0 0 0.173913 0.222222 0.08 0.142857 0.5 0 0.1 0.1875

T6090B04 0.166667 0.583333 0.2 0.230769 0.148148 0.151515 0.206897 0.111111 0.105263 0.214286 0.2 0.604396

T6090B05 0 0.333333 0 0 0.125 0 0.5 0 0 0 0 0.36

T6090B06 0.114286 0.648148 0.25 0.185185 0.205128 0.045455 0.173077 0.294118 0.303571 0.217391 0.071429 0.566667

T6090B10 0 0.176471 0.722222 0.173913 0.071429 0.142857 0.151515 0.176471 0.098361 0.222222 0 0.60274

T6090B11 0.041667 0.2 0.05 0.142857 0.142857 0.121212 0.057143 0.208333 0.092593 0.043478 0.111111 0.361702

T6090B12 0 0 0 0 0 0 0 0 0 0 0 0

Indicates the conditional 

probability of a fault being 

caused by a tree given the month 

is January for the feeder 

T4710B01. 
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Two methods used for feature selection are discussed. 

Feature Selection using Multivariate Analysis of Variance (MANOVA) 

Analysis of Variance (ANOVA)   

ANOVA provides a statistical test of whether or not the means of several groups are taken 

from the same distribution, and therefore generalizes t-test to more than two groups [22]. 

ANOVA is used when the data contains one or more independent variables and one 

dependent variable. The F-test is used for comparing the factors of the total deviation. For 

example, in one-way or single-factor ANOVA, statistical significance is tested for by 

comparing the F test statistic. 

   
                       

                      
 

Based on the value of "F" we can conclude if there is actually any difference in the means of 

the groups. If the value of the "F" statistic is close to 1, then it can be said that all the data is 

from one single group otherwise it means that data belongs to different groups. 

Multivariate Analysis of Variance (MANOVA) 

The multivariate equivalent of the t test is the Hotelling's T
2
 test. MANOVA generalizes 

Hotelling's T
2
 test to more than two groups [22]. Its purpose is to test whether the vectors of 

means for the two or more groups are sampled from the same sampling distribution. In this 

case, the data contains more than one dependent variable. In order to calculate the "F" 

statistic, the following calculations are done 
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 Error Sum of Squares and Cross Products matrix (E) is calculated  

   ∑(       )
 
         

 

   

 

               

                                           

                                

(       )                                                              

E is a measure of variations within the groups 

 Hypothesis Sum of Squares and Cross Products matrix (H) is calculated  

   ∑(       )
 
         

 

   

 

                                           

H is a measure of variation between the groups 

There are four test statistics and each has its own associated "F" ratio: 
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If the separation between the groups is minimal then,          . Hence the value 

of lambda would be close to one. As the separation increases then           and 

value of lambda decreases and approaches zero. 

                                                

Feature Ranking and Selection 

We have adopted a feature ranking method based on Wilk's lambda (Λ) using the logic that 

lesser the value of Λ more is the separation between the groups [11][23]. In order to rank the 

features, each feature was removed and Λ was calculated. If an important feature which is 

useful for discriminating the groups is removed, then the value of Λ increases by a big 

margin. Based on this logic, the features are ranked and the best features can be selected. We 

have selected ten best features and trained the classifier with them and compared its 

performance with classifier trained with all the features. 

Feature selection using Backward Elimination Algorithm (In SAS) 

In this approach, one starts with fitting a model with all the variables of interest. Then the 

least significant variable is dropped, so long as it is not significant at our chosen critical level. 

This process is continued till the best set of features is obtained. We have used the inbuilt 

function in SAS to select the features. 

2.3.4 Training and Testing of Classifiers 

Two machine learning models – Support Vector Machines and Artificial Neural Networks 

have been used for classification. These models are trained with data so that they can learn 

about the unique signatures of the tree/animal caused faults. Once the learning phase is 
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complete, their performance is tested on a testing dataset. In this project, the testing dataset is 

chosen in such a way that it is always separate from the training set. This ensures proper 

evaluation of performances of the classifiers. 

Support Vector Machines 

A support vector machine (SVM) is a supervised learning model which analyzes data and 

recognizes patterns. It is used for binary classification and regression analysis [24]. One of 

the merits of SVM is that its algorithm changes into solving an optimizing problem for which 

a global optimum point can be found instead of a local optimum point. If the data is linearly 

separable then the SVM algorithms finds the hyper plane which separates the data with 

maximum margin. Else, a compromise is made between samples information and complexity 

of the model to get best generalization ability.   

 

Figure 14: Maximum-margin hyper plane of a Support Vector Machine 
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SVMs make use of kernel methods while handling non-separable data sets in the original 

input space. The basic idea is to construct a mapping into a higher dimensional feature space 

by using reproducing kernels (Mercer’s theorem) since data in the higher dimension can be 

separated more easily. SVMs are binary classifiers and hence separate SVM classifiers will 

be used for each type of fault cause. More details about the mathematics involved in SVM 

[24] are discussed in Appendix A (section Support Vector Machines). We have implemented 

the code developed by [25] in our work. 

Artificial Neural Networks 

An artificial neural network (ANN) is a computational model that tries to simulate the 

structure and functional aspects of biological neural network and uses an approach similar to 

human brain to make decision and to arrive at conclusions [26][27]. It consists of large 

number of interconnected group of artificial neurons working in union to solve specific 

problems as shown in Figure 15. The ANN typically has three layers – input, hidden and 

output. These layers are connected with the help of weights and activation functions. 

Through a learning process, an ANN is configured for a specific application such as pattern 

recognition, data classification and regression. Adjustments of synaptic connections (i.e. 

weights) among the neurons take place when the ANN learns patterns from the data. More 

details are given in Appendix A (section Artificial Neural Networks). 
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Figure 15: Multi-layered neural network architecture (courtesy: wikipedia.org) 

Bagging or Bootstrap aggregation 

Bagging or Bootstrap aggregation is an effective method of ensemble learning and is a 

simple method of selecting data for improved classification or regression. The meta-

algorithm, which is a special case of the model averaging, was originally designed for 

classification and is usually applied to decision tree models, but it can be used with any type 

of model for classification or regression [28]. The method uses multiple versions of a training 

set by using the bootstrap, i.e. sampling with replacement. Each of these data sets is used to 

train a different model. The outputs of the models are combined by averaging (in case of 

regression) or voting (in case of classification) to create a single output. Bagging is only 

effective when using unstable (i.e. a small change in the training set can cause a significant 

change in the model) nonlinear models. 
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Performance of a classifier 

The performance of a classifier is evaluated in the following ways: 

 Accuracy Measure: This measure gives the percentage of the samples which were 

correctly classified by the classifier. 

         
                                 

                  
 

 Sometimes, accuracy is not a very good measure to evaluate the performance of a 

classifier. For e.g., in a skewed dataset where majority of the samples belong to one 

class (let’s say 95%), if the classifier labels all the samples to the majority class, then 

although the accuracy would be 95%, the classifier would be useless. This problem 

can be handled by using a confusion matrix [17] shown in Figure 16. 

 

Actual Positive Class Actual Negative Class 

Predicted Positive Class True Positive (TP) False Positive (FP) 

Predicted Negative Class False Negative (FN) True Negative (TN) 

 

Figure 16: A Confusion Matrix for a classifier 

 The components of the confusion matrix can be used to come up with another 

measure called the g-mean [17]. 

       √           

                  
  

     
 



36 

 

                  is the percentage of data in the positive class which has been 

classified correctly.  

                  
  

     
 

                  is the percentage of data in the negative class which has been 

classified correctly.  

The value of g-mean can vary between 0 and 1. A high value of g-mean indicates a 

good performance by the classifier. 

Tree caused fault classifier 

Two different models have been used for classification – Support Vector Machines & Neural 

Networks, and their performance has been compared. In order to get the best performance 

from the classifiers, ideal parameters related to the classifier need to be chosen. The 

following parameters were  

 SVM: The value for regularization parameter ‘C’ and the kernel function 

 ANN: The number of neurons in the hidden layer and the number of hidden layers  

 Proportion of samples in the training set for both SVM and ANN 

Animal fault classifier 

In the datasets we had, it was found that the number of animal caused faults was very less 

compared to the total number of faults(less than 5% of the total faults were caused by 

animals). In order to get a good classifier with a skewed dataset, the bagging technique was 
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used. Instead of using a single classifier, a group of them were used. Each classifier was 

trained with a subset of the training samples. Since the number of animal caused faults was 

very less, each subset contained all the animal caused fault samples and a randomly chosen 

subset of non-animal caused fault samples. For each subset, the number of samples belonging 

to each class was almost equal [28]. Once all the classifiers were trained, they were tested. If 

majority of them classified a particular event as animal caused then only it was classified as 

an animal caused fault. 

 

Figure 17: Division of the training set. Red denotes the animal caused fault samples and green denotes the non-

animal caused fault samples. n is the number of subsets the training data is divided into. 

In this case also, SVM and ANN were used for classification. Since the bagging technique 

was implemented, these classifiers were called Bagged-SVM and Bagged-ANN. 
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2.4 Test Results for Fault Cause Identification Algorithm  

2.4.1 Utility 1 Data 

Utility 1 (the name of utility has been removed for privacy reasons) provided us the with the 

lineman outage report of a particular substation in the period starting from June 15 2001 to 

February 19 2012. The total number of outages in that period was 639. The distribution of 

outages according to their causes is shown in Figure 18. In this case, equipment failure is the 

major reason for faults in the substation. This is followed by animal caused faults (ignoring 

the unknown cause). Surprisingly the percentage of tree caused faults is comparatively low 

unlike what was seen in the data from the other sources.  

 

Figure 18: Distribution of faults according to their causes (Utility 1) 
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2.4.2 Utility 2 Data 

Utility 2 maintains a database through which it keeps track of various power quality (PQ) 

events and outages. This database has two sources. The first source is the PQ monitoring 

system installed by the utility. The PQ monitors capture events and the waveforms associated 

with them whenever they sense an abnormality in the system (according to the settings in the 

PQ monitors). These events may or may not correspond to faults or outages. Tables like the 

Events Table and the Waveform Table are populated from this source. The other source is the 

information gathered from outage calls and linemen who fixed the outage problems. The 

outage table gets populated with data from this source. There is no direct relationship 

between these two sources. The following tables in the database were used to get the data: 

Event Table: It consists of all the events recorded by the PQ monitoring system in all the 

feeders of the utility. Each event has a unique identifier which is different for every event. 

Details like feeder information, start time, etc. have also been specified. The complete table 

structure is shown in Figure 102. A snapshot of the table is shown in Figure 19. 

 

Figure 19: Snapshot of the Event Table 
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Waveform Table: Voltage and current waveform samples for each event can be found in 

this table. For every event, the voltage and current sample values are specified in the order of 

their occurrence. Each record of the table has a unique identifier. The complete table 

structure is shown in Figure 104. A snapshot of the table is shown in Figure 20. It can be 

observed that for the same EVENT_ID, there are multiple records in the table each 

corresponding to a sample measured at a different time instant. All these records can be used 

and the waveforms for the event can be constructed. 

 

Figure 20: Snapshot of the Waveform table. Observe the One to Many mapping between event and waveform table 

Outages Table: It consists of all the outages reported in all the feeders. For every outage, 

details like feeder identifier, weather condition during outage, type and cause of outage, 

outage reported time, etc.  The complete table structure is shown in Figure 103. 
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Figure 21: Snapshot of the Outages Table 

Feeder Table: It consists of details of the feeder. In the other database tables, only the 

identifiers for feeders are specified. In this table, details about each feeder are provided. The 

complete table structure is shown in Figure 105. 

 

Figure 22: Snapshot of the feeder table 

There is no explicit relationship between the events table and the outage table. In order to 

train out model with historical data, it was important to get the corresponding event 

waveform for an outage. In order to get a mapping between the two tables, it was assumed 
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that an outage must have been reported within 15 minutes of event occurrence. By using the 

tables mentioned above, we implemented an algorithm where we created intermediate tables 

to finally create a table which contained a unique mapping between the outages and events. 

The intermediate tables and steps are discussed below. Note that this is a one-time effort 

which needs to be done before training the classifier.  

Table Name: OUTAGE_EVENT_MANY_TO_MANY 

Logic: 

 The event and outages table were joined using the values in the Feeder identifier column. 

This way, events and outages which occurred in the same feeder were merged together.  

 From the above table, only those records were chosen for which the difference between 

the event start time and outage reported time was less than 15 minutes. This ensured that 

outages were mapped to events whose time of occurrence was close to them. This gave a 

Many to Many relationship between the outage identifier and event identifier as shown in  

 Figure 23 and Figure 24. The SQL code can be found in SQL Code 1. 

 

 
 

Figure 23: One outage with many events 
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Figure 24: Many outages with same event 

Table Name: OUTAGE_EVENT_MANY_TO_ONE 

Logic: For every outage, the event was selected whose start time was closest to the outage 

reported time. The SQL code can be found in SQL Code 2. After doing so it was found that 

multiple outages were now mapped to single events (Figure 25). 

 

Figure 25: Snapshot showing two outages being mapped to a single event 

Table Name: OUTAGE_EVENT_ONE_TO_ONE 

Logic: Those events were ignored which were linked to more than one outage. By doing so, a 

One to One relationship between outages and events was obtained (Figure 26). The SQL 

code can be found in SQL Code 3.    
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Figure 26: Snapshot showing one to one mapping between outages and events 

Table Name: EVENTS_WITH_WAVEFORMS_2003 

Logic: Table with events for which waveforms were captured by the PQ monitor. The SQL 

code can be found in SQL Code 4.    

Table Name: GROUP_DATA_NEW (or EVENT_GROUP)  

Logic: It was also found that there was very little time difference between some events. It 

looked like the events which were close to each other actually corresponded to the same 

disturbance. For example, when a recloser operated, different events were recorded for the 

fast and slow operations. So events were grouped based on their time proximity (Figure 27). 

The MATLAB code can be found in Matlab Code 1.    

 

Figure 27: Grouping of events based on feeder id and timestamp 
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Table Name: FIRST_EVENT_OF_GROUP 

Logic: Table with the first event of each group. The SQL code can be found in SQL Code 5.  

 

Figure 28: Table for first event for each group 

Table Name: OUTAGE_EVENT_ONE_TO_ONE_MODIFIED 

Logic: Replaced the event by the first event of the group it belongs to in the 

OUTAGE_EVENT_ONE_TO_ONE table. Created F_EVENT_ID column which contained 

the EVENT_ID for the first event of the group that event belonged to (Figure 29). The 

MATLAB code can be found in Matlab Code 2. 

 

Figure 29: Modified table for outage event one to one mapping 
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Table Name: OUTAGE_EVENT_ONE_TO_ONE_WAVEFORMS 

Logic: Table with waveforms of all the events which had a corresponding outage. The SQL 

code can be found in SQL Code 6.  

 

Figure 30: Final table mapping the waveforms to outages 

This gave us a mapping between outages and events. 

Analysis of Outage Data 

The data for the year 2003 has been analyzed for the project.  

 

Figure 31: Breakup of faults for the utility 
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A total of 2942 outages occurred in that year. The number of outages caused due to trees was 

764 while the number of animal caused disturbances was 86. The percentage of faults caused 

due to trees and animals can be seen in Figure 31.  

Results 

In this section, the following things have been done 

 We have analyzed using two data sets. One containing features from non-waveform 

data (3 features) and the other containing all the features. Most of the analysis was 

done on the non-waveform data since we could obtain a lot of non-waveform data for 

the outages. 

 For each of the classifier (SVM/ANN), the performance measure of the classifier was 

plotted against the different parameter options and the best parameter was chosen. 

 After all the parameters were chosen, the performance of the SVM classifier was 

compared with ANN classifier.  

Case 1: Non Waveform Data 

Tree Fault Classifier  

In this case, output was labeled as 1 if it was caused by a tree and -1 if caused due to some 

other reason.  There were three features (Hour of fault, Month of fault and Weather 

conditions) which were used. This data was directly obtained from the original outage table 

of the database and then the values were replaced with the likelihood measures (LH, LM, LW). 
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Model Selection: 

Both classification models (SVM and ANN) have parameters which can take different 

values. In order to obtain the best output from these models, it is important that these 

parameters are chosen properly. The dependence of the classifiers on the following 

parameters:  

 ANN: Hidden layer structure 

 SVM: Regularization parameter ‘C’ and Kernel function type 

is calculated and those values are chosen which resulted in best performance of the models.  

Dependence of Neural Networks on Hidden Layer Structure 

In this section, we assessed the performance of ANNs for different hidden layer structure. 

For all cases, the training set had 70% of the entire dataset and the rest was in the testing set. 

The performance measures were calculated on the testing set. 

[X]: Indicates single hidden layer with x neurons 

[X Y]: Indicates two hidden layers with x neurons in the first layer and y neurons in the 

second layer. 

From Figure 32, Figure 33 and Figure 34 we can make the following observations: 

 The performance measures do not vary drastically as we change the hidden layer 

structure.  
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 This tells us that the data we have is intermingled (non-separable). We can say that 

since the linear classifier (ANN with one neuron in the hidden layer) has similar 

performance as a non-linear classifier (ANN with 100 neurons in the first hidden 

layer and 20 neurons in the second hidden layer).  

 We decided that the final ANN to be used will be having 20 neurons in the hidden 

layer because its performance in all the three metrics was good. 

 

Figure 32: Bar plot of Accuracy for various hidden layer structures 

 

Figure 33: Bar plot of ‘Percentage of tree caused faults classified correctly’ for various hidden layer structures 
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Figure 34: Bar plot of g-mean values for various hidden layer structures 

Dependence of SVMs on the type of Kernel function chosen 

In this section, the performance of the SVM classifier for different kernel functions was 

compared. All the other parameters were kept constant. The value for regularization 

parameter ‘C’ was taken as 1000. Ninety percent of the data was used to train the SVM and 

the rest was used for testing. The performance of the SVM on the testing set was plotted for 

different kernel functions.  

Based on Figure 35, Figure 36 and Figure 37, we can observe that: 

 The performance of SVM dips when the sigmoid function is used as the kernel 

function. The performance of SVM with the other three kernel functions remains the 

same.  

 Here also it is found that the linear classifier (Linear kernel function) has similar 

performance as that of a non-linear classifier (Radial basis function as the kernel 

function) which again indicates that the data is not separable. 

0.6

0.62

0.64

0.66

0.68

0.7

g-
m

e
an

 v
al

u
e

s 

Number of neurons in the hidden layer 



51 

 

 

Figure 35: Bar plot of Accuracy for various kernel functions 

 

Figure 36: Bar plot of ‘Percentage of tree caused faults classified correctly’ for various kernel functions 
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Figure 37: Bar plot of g-mean for various kernel functions 

It was decided that radial basis function would be the kernel function for the SVM classifier. 

Dependence of SVM on the value of C 

Similar procedure to evaluate the variation in the performance of SVM with variation in the 

regularization parameter ‘C’ has been followed. ‘C’ value was changed and other parameters 

were kept constant (Kernel function: Radial basis function and 90% of data used for 

training). In this case, we have used two different sets of data. One where the likelihood 

measure has been calculated and incorporated into the feature set and the other without the 

likelihood measure. 
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Figure 38: Plot of Accuracy versus log of C value with base 10 

Based on Figure 38, we observe that 

 The accuracy of the classifier does not improve significantly for different values of 

‘C’.  The value of ‘C’ for the final SVM was taken as 1000.  

 We also see that there is a jump in the accuracy when the likelihood measure is used 

during feature extraction.  
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Final set of parameters used in the Classifiers 

Based on the analysis done, the final parameters for the ANN based classifier and SVM 

based classifier are given below. 

Table 1: Details of the ANN structure used 

Network type Feed-forward back 

propagation network 

Training function Levenberg-Marquardt 

Transfer function for 

first hidden layer 

Hyperbolic tangent sigmoid 

Transfer function for 

output layer 

Linear 

Size of  hidden layer 20 

Size of input layer 3 

Size of output layer 1 

Performance 

function 

MSE(mean squared error) 
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Table 2: Details of the SVM structure used 

Regularization parameter 'C' 1000 

Kernel function Radial Basis function 

 

Dependence on the proportion of data used for training 

Once the above parameters were decided, the dependence of the performance of the 

classifiers on the proportion of data used for training was checked for both the classifiers.  

 

Figure 39: Accuracy of the two classifiers is 

plotted against the proportion of data used for 

training 

 

 

Figure 40: Percentage of Tree caused faults 

identified correctly by the two classifiers plotted 

against the proportion of data used for training 

From Figure 39 and Figure 40, we can observe: 

 The performances of both the classifiers improve as the data in the training set 

increases.  
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 The improvement is steep initially (as the percentage of data used for training 

increases from 10% to 50%) and then it saturates. 

 There isn’t any significant difference in the performance of the two classifiers. 

Results with Final Model 

In order to compare the two classifiers, we trained both of them with 90% of the data and 

tested their performance on other 10% of the data. 

SVM classifier 

Table 3: Confusion matrix for SVM classifier 

  Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 13.13% 7.35% 

Classified as Non Tree caused fault 12.72% 66.79% 

 

 
Table 4: Performance measures for the SVM classifier 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.508 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.901 

g-mean 0.676 

 

ANN classifier 

Table 5: Confusion matrix for ANN classifier 

 Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 14.52% 8.14% 

Classified as Non Tree caused fault 11.33% 66.01% 
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Table 6: Performance measures for the ANN classifier 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.562 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.890 

g-mean 0.707 

 

From the results it is clear that: 

 The accuracy of the SVM classifier is 79.93% while that of the ANN classifier is 

80.52%. This difference isn’t significant given the size of the testing set (294 

samples). 

 When it comes to classifying the tree caused faults correctly, both the classifiers do 

not perform very well. But it is clear that the ANN (56.2%) does a better job than 

SVM (50.8%). 

 The g-mean values also indicate that ANN is a slightly better classifier for tree caused 

faults.  

Distribution of output values 

The actual outputs of both the classifiers were real numbers. If the output value was greater 

than zero then it was labeled as 1 (caused by tree) and if it was less than zero it was labeled 

as -1 (not caused by tree). The actual output value was proportional to the distance of the 

points from the decision surface (each classifier constructed a decision surface or hyperplane 

to separate the two sets of points).  Generally, it is expected that the misclassified points are 

closer to the decision surface as a result of which the chances of them getting misclassified is 
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more. So a distribution (histogram) of output values for both correctly classified and 

incorrectly classified points were plotted. This was done for both the classifiers. 

For SVM 

Below is the distribution of the output values of the SVM for both the correctly classified 

points and the incorrectly classified points (Figure 41). 

 

Figure 41: Distribution of misclassified and correctly classified points for SVM 

It can be seen that the misclassified points are spread over the entire distance range covered 

by the correctly classified points. This again points to the fact that the data belonging to the 

two groups is highly intermingled. 
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Figure 42: Plot of the test data classified by SVM 

In Figure 42, we have plotted the points in the test data. The points have been color coded 

according to the way they are classified. Blue and green colored points represent correctly 

classified points while red and pink denote the incorrectly classified points. The figure 

confirms our conclusions about the data being highly intermingled. As a result of this 

distribution of data, the performances of the classifiers are adversely affected. 

For ANN 

Similar results have been obtained for the ANN classifier also. Figure 43 and Figure 44 

confirm our conclusions about the data and its distribution. 
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Figure 43: Distribution of misclassified and correctly classified points for ANN 

 

Figure 44: Plot of test data classified by ANN 

Animal Fault Classifier  

In this case, output was labeled as 1 if it was caused by an animal and -1 if caused due to 
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of the classifiers. The performance of the classifier without using the bagging technique is 

also calculated and compared with the performance of the bagged classifiers. 

Dependence on the proportion of data used for training 

In this case, it may appear from Figure 45 that, increasing the data in the training set is 

actually decreasing the performance of the classifier, but when we consider percentage of 

animal caused faults identified correctly (Figure 46), we realize that with less data in the 

training set the classifier is actually doing a very bad job in identifying the animal caused 

faults. Also, even though ANN does a better job in terms of accuracy, SVM is clearly ahead 

in terms of proportion of animal caused faults correctly identified. 

 

Figure 45: Accuracy of the two classifiers is 

plotted against the proportion of data used for 

training 

 

 

Figure 46: Percentage of Animal caused faults 

identified correctly by the two classifiers plotted 

against the proportion of data used for training 
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Final Output 

Here also the 90% of the data was used for training and the rest was used for testing. The 

performance measures were calculated on the testing dataset.  

SVM classifier 

Without Bagging 

Table 7: Confusion matrix for SVM classifier 

 Fault caused by Animal Fault not caused by 

Animal 

Classified as Animal caused fault 0.18% 0.37% 

Classified as Non Animal caused fault 2.87% 96.58% 

 

Table 8: Performance measures for the SVM classifier 

Sensitivity(Ratio of Animal caused faults classified correctly) 0.059 

Specificity(Ratio of Non-Animal caused faults classified correctly) 0.996 

g-mean 0.242 

 

With Bagging 

Table 9: Confusion matrix for Bagged-SVM classifier 

 Fault caused by Animal Fault not caused by 

Animal 

Classified as Animal caused fault 1.27% 11.19% 

Classified as Non Animal caused fault 1.78% 85.76% 
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Table 10: Performance measures for the Bagged SVM classifier 

Sensitivity(Ratio of Animal caused faults classified correctly) 0.415 

Specificity(Ratio of Non-Animal caused faults classified correctly) 0.885 

g-mean 0.606 

 

The following things are observed from Table 7, Table 8, Table 9 and Table 10: 

 The accuracy of the non-bagged classifier (96.76%) is much higher than that of the 

bagged SVM classifier (87.03%). 

 But in terms of classifying animal caused faults correctly, the bagged classifier does a 

much better job (correctly classifies 41.5% of the animal caused faults as against only 

5.9% by the non-bagged SVM classifier). 

 Overall, the bagged SVM has a much higher g-mean value which indicates it is a 

better classifier. 

ANN classifier 

Without Bagging 

Table 11: Confusion matrix for ANN classifier 

 Fault caused by Animal Fault not caused by 

Animal 

Classified as Animal caused fault 0.34% 0.56% 

Classified as Non Animal caused fault 2.71% 96.38% 
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Table 12: Performance measures for the ANN classifier 

Sensitivity(Ratio of Animal caused faults classified correctly) 0.111 

Specificity(Ratio of Non-Animal caused faults classified correctly) 0.994 

g-mean 0.333 
 

With Bagging 

Table 13: Confusion matrix for Bagged-ANN classifier 

 Fault caused by Animal Fault not caused by 

Animal 

Classified as Animal caused fault 1.08% 8.25% 

Classified as Non Animal caused fault 1.97% 88.70% 
 

Table 14: Performance measures for the Bagged ANN classifier 

Sensitivity(Ratio of Animal caused faults classified correctly) 0.355 

Specificity(Ratio of Non-Animal caused faults classified correctly) 0.915 

g-mean 0.570 

 

The following points are observed from Table 11, Table 12, Table 13, Table 9 and Table 14: 

 The accuracy of the non-bagged classifier (96.72%) is much higher than that of the 

bagged SVM classifier (89.77%). 

 But in terms of classifying animal caused faults correctly, the bagged classifier does a 

much better job (correctly classifies 35.5% of the animal caused faults as against only 

11.1% by the non-bagged ANN classifier). 
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 Overall, the bagged ANN has a much higher g-mean value which indicates it is a 

better classifier. 

Comparison of performance of Bagged-SVM with Bagged-ANN 

The accuracy of the Bagged ANN classifier (89.77%) is slightly better than that of the 

Bagged SVM classifier (87.03%). However, Bagged SVM performs better than Bagged 

ANN in classifying animal faults correctly (41.5% against 35.5%). The g-mean value of 

Bagged SVM classifier is also higher. Hence, we can conclude that the Bagged SVM 

classifier is better suited for classifying animal caused faults. 

Case 2: All Data 

In this case, we used all the data available to us for classification. This includes the waveform 

data as well as the non-waveform data. The processing of the waveform data has been 

discussed in the previous section.  

 Segregation of Data: After the data has been processed, waveforms of events have 

been stored in three separate folders – Tree, Animal and Others.  

 Visual screening and filtering: All the current waveforms were screened visually 

and the following events were filtered out: 

o Events which had just one cycle of abnormality as shown in Figure 47 
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Figure 47: Current waveform of an event with a 1 cycle fault duration 

o Events where fault was in progress right from the beginning in the waveform 

(Figure 48) 

 

 

Figure 48: Current waveform of an event which was recorded after the fault had started 

The idea was to use those events whose waveforms initially had non-fault data 

and then had at least 2-3 cycles of fault data.  

 After this screening, we were left with 30 tree caused events and 35 events caused 

due to other causes. 
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 Since the data was so less, only the tree fault classifier was implemented and tested. 

Tree Fault Classifier  

Feature Extraction 

The mean and standard deviation of the all the features for both the classes – Tree Caused 

Faults and Non Tree Caused Faults is calculated and displayed in Table 15: Mean and 

Standard Deviation of all the features. The total number of samples in the dataset was 65 out 

which 30 corresponded to tree caused faults. 

Table 15: Mean and Standard Deviation of all the features 

Features 

Tree Caused Faults Non Tree Caused Faults 

Mean 
Standard 

Deviation Mean 
Standard 

Deviation 

Max_Del_V 0.391888 0.434488177 0.339718 0.40014292 

Max_Del_I 0.457358 0.41469387 0.564441 0.516062267 

Max_I_ABC_RMS 2.729762 2.83427362 6.051769 19.61433907 

Max_V_ABC_RMS 0.103501 0.062651409 0.101704 0.057052099 
Fault Insertion 

Angle 3.691371 1.34303957 3.725031 1.675234184 

Energy_I_D1 0.791189 0.90212077 0.904808 1.929197266 

Energy_I_D2 3.937873 3.198562509 4.863457 9.58028957 

Energy_I_D3 20.1115 14.98020142 28.87831 74.79128842 

Max_I_D1 2.860302 3.737060159 3.540309 8.952942882 

Max_I_D3 35.36522 25.89619533 49.09892 122.2142048 

Energy_V_D1 0.097415 0.093830335 0.099225 0.098041305 

Energy_V_D2 0.413726 0.140257635 0.390212 0.068756615 

Energy_V_D3 1.93242 0.146623582 1.903394 0.156540266 

Max_V_D1 0.380768 0.444055158 0.376545 0.482163002 

Max_V_D2 0.955512 0.512488807 0.847855 0.255559483 

Max_V_D3 2.864994 0.272160246 2.782836 0.163804493 

Max_Square_V_D1 0.335597 0.663375583 0.367625 0.826064064 

Max_Square_V_D2 1.166894 1.984780618 0.782303 0.575975287 
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Table 15 continued 

Max_Square_V_D3 8.279792 1.686499072 7.77024 0.920758038 

Max_Square_I_D1 21.68142 53.47931347 90.39882 449.9776369 

Max_Square_I_D2 138.2863 218.7598494 418.3218 1819.589345 

Max_Square_I_D3 1898.958 2629.007693 16920.26 92301.95343 

Hour 13.26667 4.578309682 13 6.655382607 

Month 4.933333 3.061815253 5.657143 3.253440325 

Weather 4.266667 2.462593717 3.142857 2.463174149 

 

Feature Selection 

The features are ranked using an algorithm based on MANOVA and the ten best features are 

selected. The features which have shaded in green in Table 16: Features ranked according to 

their relevance are the selected features. 

Table 16: Features ranked according to their relevance 

Overall Lambda: 0.6841 

Feature Name Feature No. Lambda without the feature 

Max_Del_I 2 0.722749557 

Energy_V_D1 12 0.714214723 

Weather 26 0.706707345 

Max_V_D1 15 0.698359349 

Max_I_ABC_RMS 3 0.694317397 

Energy_I_D1 6 0.692072974 

Energy_I_D3 8 0.691000996 

Max_I_D3 11 0.690565576 

Max_Square_V_D2 19 0.690536438 

Energy_V_D3 14 0.690456093 

Fault Insertion Angle 5 0.689449452 

Max_Del_V 1 0.689361264 

Month 25 0.689195816 

Hour 24 0.689181695 
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Table 16 continued 

Max_Square_I_D3 23 0.686240537 

Max_I_D1 9 0.68622008 

Max_V_D2 16 0.685730866 

Max_Square_I_D2 22 0.685333418 

Max_I_D2 10 0.685169857 

Max_Square_V_D3 20 0.685016434 

Energy_I_D2 7 0.684887657 

Max_V_D3 17 0.684574818 

Energy_V_D2 13 0.684376085 

Max_Square_I_D1 21 0.684103416 

Max_Square_V_D1 18 0.684098179 

Max_V_ABC_RMS 4 0.694988188 

 

Final Output 

In this case, output was labeled as 1 if it was caused by a tree and -1 if caused due to some 

other reason.  The training: testing ratio was set to 7:3. 

SVM classifier 

Table 17: Accuracy of the SVM classifier 

 

With 10 best features With all features 

Average Correct Classification 54.74% 56.42% 

Average Incorrect Classification 45.26% 43.58% 
 

Table 18: Confusion matrix for SVM classifier with 10 best features 

 Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 24.84% 22.74% 

Classified as Non Tree caused fault 22.53% 29.89% 
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Table 19: Performance measures of the SVM classifier with 10 best features 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.524383 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.567927 

g-mean 0.545721 
 

Table 20: Confusion matrix for SVM classifier with all features 

 Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 23.26% 19.47% 

Classified as Non Tree caused fault 24.11% 33.16% 
 

Table 21: Performance measures of the SVM classifier with all features 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.491028 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.630059 

g-mean 0.556216 

ANN classifier 

Table 22: Accuracy of the ANN classifier 

  With 10 best features With all features 

Average Correct Classification 51.26% 50.63% 

Average Incorrect Classification 48.74% 49.37% 

 

Table 23: Confusion matrix for ANN classifier with 10 best features 

 Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 23.37% 24.74% 

Classified as Non Tree caused fault 24% 27.89% 
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Table 24: Performance measures of the ANN classifier with 10 best features 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.49335 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.529926 

g-mean 0.511311 

 

Table 25: Confusion matrix for SVM classifier with all features 

 Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 22% 24% 

Classified as Non Tree caused fault 25.37% 28.63% 
 

Table 26: Performance measures of the ANN classifier with all features 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.464429 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.543986 

g-mean 0.502636 
 

Comparisons and Conclusions 

The following conclusions can be drawn after looking at the results: 

 The performance of both the classifiers is not satisfactory. Their performance is 

slightly better than randomly guessing the cause. 

 The reason for this may be the small amount of data available to us for the training. 

Due to less data, the classifiers could not learn the about the signature of the tree 

caused faults correctly. As a result of which, they produced unsatisfactory results. 

 The classifier using 10 features performed similar to the one which used all the 

features. But since the accuracy was so less, nothing can be said conclusively. 
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2.4.3 EPRI Disturbance Library (ExpertMonitoring.com) 

ExpertMonitoring.com [20] is a partnership of power monitoring experts to help in the 

research and development of advanced monitoring systems. The project has two main 

objectives: evaluation of fault anticipation technology and the creation of a standardized 

library of events that will foster future innovation. The objectives are achieved by combining 

the capabilities of EPRI, Texas A&M, Power Solutions, and utilities like Oncor Electric 

Delivery (formerly TXU Electric Delivery), Southern Company, San Diego Gas & Electric 

(SDG&E), Progress Energy Carolinas, etc. 

This project is coordinated by EPRI and they have maintained a standardized library of 

events which is publicly available. For each disturbance event, the current and voltage 

waveforms have been captured along with other details like Site Code, Feeder Id, Phase 

affected by the disturbance, Event start and end time, Weather conditions during the event, 

Cause of the disturbance, Details of fault, Failed Equipment and Isolation Equipment. Since 

the data was collected from different utilities, the sampling frequency of the signals is 

different. Data is available in the various and the one available in the comma separated 

variable file was used for our analysis. 

The database comprises a total of 296 events out which the cause for 260 events is given. 

These events were recorded between January 1, 2005 and September 29, 2007. Figure 49 

gives the percentage of events for each cause type. It is clear from the figure that most of the 

events were caused due to equipment failure in the circuit. Tree was the second most 

predominant reason for faults followed by lightning, vehicle and animal caused faults. It was 
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also observed that few events had the same start and end time. For our analysis, we grouped 

the events based on their start time and end time. For each group, the first event was 

considered for analysis. 

 

Figure 49: Distribution of Fault Causes (EPRI) 

Results 

Tree Fault Classifier  

From the original disturbance library, all the events corresponding to transmission lines were 

removed. In addition, grouping the events based on their timestamps was done and only the 

first event was used. As a result of all this, the final dataset contained 16 waveforms 

corresponding to tree caused faults and the total number of waveforms were 129. All the 26 
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features were extracted and used for classification. Output was labeled as 1 if it was caused 

by a tree and -1 if caused due to some other reason. 70% of the data was used for training and 

the rest made up the test dataset. The results for both the classifiers are given below. 

SVM classifier 

Table 27: Confusion matrix for SVM classifier 

Average Correct Classification 85.9% 

Average Incorrect Classification 14.1% 

 

Table 28: Confusion matrix for SVM classifier 

 Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 4.82% 6.10% 

Classified as Non Tree caused fault 8.00% 81.08% 

 

Table 29: Performance measures of the SVM classifier 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.376 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.930 

g-mean 0.591 

ANN classifier 

Table 30: Confusion matrix for ANN classifier 

Average Correct Classification 80.21% 

Average Incorrect Classification 19.79% 
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Table 31: Confusion matrix for ANN classifier 

 Fault caused by Tree Fault not caused by tree 

Classified as Tree caused fault 4.00% 10.97% 

Classified as Non Tree caused fault 8.82% 76.21% 

 

Table 32: Performance measures of the ANN classifier 

Sensitivity(Ratio of Tree caused faults classified correctly) 0.312 

Specificity(Ratio of Non-Tree caused faults classified correctly) 0.874 

g-mean 0.522 

 

Comparisons and Conclusions 

The following things can be said about the performance of the classifiers: 

 The accuracy of the SVM classifier is better than the ANN classifier (85.9% vs. 

80.21%).  

 The percentage of tree caused faults predicted correctly by both classifiers is 

unsatisfactory. Here also, the SVM classifier did well (37.6% vs. 31.2%) 

 In this case as well, the number of samples corresponding to tree caused faults was 

less. As a result, the classifiers could not learn properly about the signatures of the 

faults caused by tree contacts. 
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2.5 Conclusions 

We can draw the following conclusions from our work on Fault Cause Identification: 

 ANN is a better choice for the tree fault classifier using the non-waveform data. 

Although, its accuracy is just slightly better than that of SVM, its sensitivity is quite 

better than the SVM classifier. 

 Data used for tree classifier was highly intermingled. As a result of which, the 

performance of both the classifiers did not cross 80-81%. The plots of the points in 

Figure 42 and Figure 44 also confirmed that. 

 SVM looks to be the better choice when animal faults are considered. Bagged-SVM 

performed better than Bagged-ANN. We also observed that bagging did improve the 

performance of the classifying model. The sensitivity rose but the accuracy fell. 

Overall, it made the model more usable. 

 Classification of waveform data from utility 2 was very poor by both the classifiers. 

The reason could be the less data available for training. A lot of waveforms were 

filtered out during the screening process because they did not meet the required 

criteria mentioned in page 65. There is a need to check the logic for mapping the 

outage database table with the events database table. The best option would be if the 

utility can keep a direct link between the two tables so that there is no ambiguity 

about the relationship. 

 The waveform data available from utility 2 was sampled at a frequency of 16 samples 

per cycle. This sampling frequency is very low for spectral analysis. As a result of 
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this, the features extracted from the waveforms using discrete wavelet transform were 

of no use. 

 Classification of data from EPRI was satisfactory by both the classifiers. However, 

the sensitivity measure for both the classifiers was low. This again may be due to the 

less number of samples corresponding to tree caused faults available for training. The 

SVM classifier performed better in this case. 
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CHAPTER 3: HIGH IMPEDANCE FAULT DETECTION 

3.1 Introduction 

Many of the distribution overhead lines pass through areas with trees (Figure 50). As a result 

of this, trees, from time to time, make contact with conductors. The impedance of the branch 

is generally high and this gives rise to a High Impedance Fault (HIF).   

 

Figure 50: Vegetation in high proximity to overhead lines 

When there is further growth of the branches, it might have a tendency to push the conductor 

towards the other conductors and this may result in a short circuit path between them.  There 

are also chances that a tree branch may bridge two conductors [30]. Even if this may not lead 

to a fault immediately due to the substantial resistance of the moist tree branch, a small 

current starts flowing and begins to dry out the wood fibers. With the passage of time, the 
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cellulose gets carbonized which reduces the resistance and a short circuit occurs leading to a 

permanent fault [31]. If these incidents have to be avoided, HIF detection is very important. 

Their detection would help in fault prediction and hence in predictive maintenance. In 

addition, since HIFs are accompanied with arcing, they could lead to fire hazards if proper 

action is not taken in time. 

HIFs are difficult to detect because the fault current is low compared to when bolted faults 

occur (Figure 51). In addition, since they are accompanied with arcing, the current 

waveforms contain high frequency components similar to currents during switching events 

like load switching and capacitor bank switching. This makes the problem more challenging. 

 

Figure 51: Hi-Z Fault Current Levels [32] 

 As a result, the conventional protective devices do not operate. A typical current waveform 

during HIF is shown in Figure 52. 
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Figure 52: HIF current during Taiwan Power Co. 11kV feeder’s test on grass [40] 

We have developed a method to detect HIFs and differentiate them from other events so that 

the utility can be alarmed in time and they can take corrective actions. 

3.2 Literature Review 

A lot of work has been done towards the detection of HIFs. The low magnitudes of fault 

current and the similarity they possess with switching events have made the problem of 

detection very challenging. But the fact that these faults could lead to fire hazards and 

endanger lives makes it imperative to find a reliable solution to this problem. 

3.2.1 Harmonics Based Method 

Benner et al. have proposed a method with several algorithms in [33] to detect HIFs. 

According to them, HIFs cannot be detected by using a single algorithm, hence there is a 

need to have several intelligent algorithms to confidently detect them and prevent false 

alarms. This technology was incorporated by GE [34] into a comprehensive monitoring 

device for overhead distribution feeders. The device is microprocessor based and is called 

Digital Feeder Monitor (DFM). In DFM, the detection of a downed conductor or arcing 

condition is accomplished by running the following algorithms: 
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 Energy algorithm: Monitors a particular set of non-fundamental frequency component 

energies of phase and neutral current since arcing causes bursts of energy throughout 

the frequency spectrum of the current signal 

 Randomness algorithm: Identifies if there is sudden change of energy from one half 

cycle to the next in the different non-fundamental frequency components 

 Expert Arc Detector Algorithm: It’s purpose is to assimilate the outputs of 24 basic 

arc detection algorithms into one belief-in-arching confidence level per phase 

 Load Event Detector Algorithm, Load Analysis Algorithm: They help in 

differentiating between arcing downed conductors and arcing intact conductors 

 Load Extraction Algorithm: It attempts to remove the load component from the total 

measured neutral current so that the fault component can be obtained 

 Arc Burst Pattern Analysis Algorithm: It tries to provide faulted phase identification 

information based on a correlation between the fault component of the measured 

neutral current and the phase voltages 

 Spectral Analysis Algorithm: Correlates the shape of the non-harmonic components 

of the spectrum to an ideal 1/f arcing spectrum. High correlation confirms arcing. 

 Arcing Suspected Identifier Algorithm: Detects multiple and sporadic arcing events 

The flowchart of the entire method has been shown in Figure 53. 
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Figure 53: High Impedance Fault Detection Block Diagram [32] 

A High Impedance Fault Analysis System (HIFAS) [35] was developed by Nordon 

Technologies. According to them, the HIF current produces a third harmonic current which is 

in phase with the faulted phase voltage at the fault location. This was implemented by 

subtracting the third harmonic phasor of the fault current with the averaged value of the pre-

fault third harmonic phasor. If the subtracted value is greater than a threshold and the angle 

matched the preset value for a downed conductor, a HIF is declared. The issue with this 

approach was the interference of noisy loads with the system. 
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3.2.2 Potential Loss Based Method 

The Kearney Company proposed another approach for HIF detection [36]. They analyzed the 

loss of potential instead of analyzing the signal distortions caused by HIF. Their system 

known as the Open Conductor Detector System (OCDS) detected fallen live conductors 

which also caused a high impedance fault. They used a communication based method for 

HIF detection. A transmitter was placed on the 120V AC side of the distribution transformer 

and it emitted a certain frequency on system neutral when there was loss of voltage. The 

possibility of the transducer acting due to a blown fuse on the distribution transformer made 

it necessary to use another transmitter which made it more expensive. An open conductor 

condition is determined when two distinct frequencies is acknowledged by the receiver. The 

placing of radio transmitters at fuses and houses made this approach a very costly affair.  

3.2.3 Wavelet Based Classification Methods 

Since arcing is an integral part of HIFs in most of the cases, the fault current has high 

frequency components. By using wavelet transform, the fault is decomposed into different 

frequency ranges and the high frequency components can be analyzed in order to give better 

detection methods. Different features are extracted from the decomposed signals and are fed 

into classifiers for a decision to be made [37][38][39]. These classifiers can either be rule 

based or statistical like neural networks and support vector machines. Sedighi et al. have 

developed a method in [37] where they have used the coefficients of level 1 and level 2 of 

current (sampling rate being 24.670 kHz) decomposed with reverse biorthogonal function 

(rbior3.1) as mother wavelet for feature extraction. Principal component analysis was used 

for feature selection and a Bayes classifier was used to differentiate HIFs from insulator 
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leakage current and transients. Their model was tested and obtained a maximum sensitivity 

of 90%. In [38], the same authors have used a fuzzy inference system based on genetic 

algorithm for HIF detection with the same features. The work done in [39] also involved 

wavelet decomposition but the classification was done using Nearest Neighbor Rule 

approach for HIF detection.   

 

Figure 54: Flowchart of HIF detection method used in [39] 

3.3 Proposed Method 

From the literature survey, it is clear that the current during HIFs would have high third 

harmonic content. So the PQ monitors at the substations can be programmed in such a way 

that, whenever current with high third harmonic content is detected, the current and voltage 

waveforms for the event can be recorded. We have assumed that waveforms measured at the 

substation would be sampled at 64 samples per cycle. In addition, only those waveforms will 
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be fed as input to this algorithm which were obtained in conditions when there was no 

permanent fault. The proposed High Impedance Fault Detection Algorithm has the following 

steps: 

Step 1. Feature Extraction: Current signals (single phase as well as neutral) obtained 

at the substation are decomposed using discrete wavelet transform and 

relevant features are obtained from them.  

Step 2. Classification: A Support Vector Machine (SVM) is trained using the relevant 

features to differentiate HIF currents from currents measured during other 

events.  

3.3.1 Step 1: Feature Extraction 

From the literature review, it was clear that most of the HIFs occurred on single phases. In 

order to study them, both, single phase current and the neutral current were analyzed 

separately. The signals were normalized by dividing them by the RMS value of the pre-fault 

current value.  

5 Level Wavelet Decomposition 

In order to break the signals into different frequency ranges, discrete wavelet transform was 

used. Daubechies 4 was used as the mother wavelet and a five level decomposition was 

performed. Since the sampling frequency was 3840 Hz (64 samples per cycle), a five level 

decomposition was sufficient to extract all the relevant information from the signals. From 

Nyquist theorem, we know that we would be able to extract information about component 

with frequencies less than 1920Hz. Figure 55 shows more detail about this process. 
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Figure 55: Five level discrete Wavelet decomposition 

In order to finalize the features to be extracted, a snapshot of neutral current signal for 

different cases was taken and decomposed using discrete wavelet transform. For each case, 

the snapshot was taken in such a way that it contained nine cycles of data (576 samples) and 

the event (HIF fault inception, capacitor bank switching or load switching) occurred at the 

end of the second cycle. In each case, the neutral current was first normalized and then 

decomposed.  
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Example 1: Normal conditions 

The wavelet decomposition of the neutral current (in normal conditions) is done and the 

different components are shown in Figure 56. It can be observed that neutral current in the 

absence of any event does not have anything significant in the high frequency levels (D1, D2 

and D3). 

 

Figure 56: Wavelet decomposition of neutral current under normal conditions. Plot of Magnitude vs. Samples 
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Example 2: Persistent HIF lasting for more than 5 cycles 

An important factor of high impedance faults is the duration of the faults. The duration may 

be less than a cycle or it can continue for many cycles. One example of high impedance fault 

current is shown in Figure 57. It can be seen that the fault persists for more than 5 cycles.  

 

Figure 57: The fault current for an HIF which persists for more than 5 cycles. The red line indicates inception time of 

the fault.  

The wavelet decomposition of the neutral current (event being persistent HIF) is done and the 
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when the HIF starts and continues while the fault persists. This confirms that the neutral 

current has high frequency components during HIF as mentioned in the literature review.  

 

Figure 58: Wavelet Decomposition of Neutral current (with HIF (>5 cycles)). The portion in the red circle shows the 

spikes. The red line indicates the inception time of the fault. Plot of Magnitude vs. Samples 
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Example 3: Short spanned HIF lasting for less than 1 cycle 

The high impedance fault current is shown in Figure 59. It can be seen that the fault is short 

lived and the arc is extinguished within one cycle. 

 

Figure 59: The fault current for a short spanned HIF. The red line indicates the inception time of the fault.  

The wavelet decomposition of the neutral current (event being short spanned HIF) is done 

and the different components are shown in Figure 60. Since the high impedance fault lasted 

for less than 1 cycle, the activity in the D1 and D2 components also was short spanned and 

lasted for less than 1 cycle. 
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Figure 60: Wavelet Decomposition of Neutral current (with HIF (<1 cycle)). The portion within the red circle shows 

the short spanned activity in D1 and D2. The red line indicates the inception time of the fault. Plot of Magnitude vs. 

Samples 
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Example 4: Load switching 

Switching events also generate high frequency components in the current waveforms. The 

single phase current during a load switching event is shown in Figure 61: Single phase 

current during load switching 

 

Figure 61: Single phase current during load switching. Red line indicates the time of switching 

The wavelet decomposition of the neutral current (event being load switching) is done and 
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D1 when the load switching took place but the magnitude is less compared to that observed 

in the case of HIF. 

 

Figure 62: Wavelet Decomposition of Neutral current (with load switching). Red circle indicates the activity near 

load switching time. The red line indicates the time of load switching. Plot of Magnitude vs. Samples 
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Example 5: Capacitor Bank Switching  

The single phase current during capacitor bank switching event is shown in Figure 63. The 

shape of the waveform changes drastically when switching is done. 

 

Figure 63: Single phase current during Capacitor switching 

The wavelet decomposition of the neutral current (event being capacitor bank switching on) 

is done and the different components are shown in Figure 64. There is short spanned activity 

in D1 and D2 but the magnitude is comparable to that observed in the case of HIF and much 

more than that observed while load switching. 
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Figure 64: Wavelet Decomposition of Neutral current (with capacitor bank switching on). Portions encircled in red 

shows the activity in D1 and D2. The red line indicates the time of capacitor bank switching. Plot of Magnitude vs. 

Samples 
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Processing of decomposed current signals to obtain features 

It was observed from the wavelet analysis of the signals that all these events have high 

frequency components. Switching (Load and Capacitor Bank) transients and HIF faults have 

significant presence in the D1 and D2 components (High frequency components). It was also 

noticed that the high frequency components due to switching died down in a couple of cycles 

while in the case of HIF; activity in the high frequency component persisted as long as the 

fault persisted. 

Our analysis was done both with 

 Neutral current 

 Single phase current 

Nine cycles of the current signal (two cycles before event inception and seven cycles after) 

were taken into consideration and decomposed using discrete wavelet transform. The D1, D2 

and D3 components of the signal were obtained and broken into 2 parts – 1
st
 part containing 

first 4 cycles and 2
nd

 part containing the remaining part. Maximum and Energy of each part 

for each of the signal formed the features. Hence we obtained 12 features in total. 

Energy:    
∑   
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A list of the extracted features is given below: 

 Max_D1_Part1: Maximum value of the first part of the D1 component 

 Max_D2_Part1: Maximum value of the first part of the D2 component 

 Max_D3_Part1: Maximum value of the first part of the D3 component 

 Energy_D1_Part1: Energy of the first part of the D1 component 

 Energy_D2_Part1: Energy of the first part of the D2 component 

 Energy_D3_Part1: Energy of the first part of the D3 component 

 Max_D1_Part2: Maximum value of the second part of the D1 component 

 Max_D2_Part2: Maximum value of the second part of the D1 component 

 Max_D3_Part2: Maximum value of the second part of the D1 component 

 Energy_D1_Part2: Energy of the second part of the D1 component 

 Energy_D2_Part2: Energy of the second part of the D2 component 

 Energy_D3_Part2: Energy of the second part of the D3 component 

3.3.2 Step 2: Classification using Support Vector Machines 

Once the features were obtained from all the event waveforms (obtained from simulations in 

this case), they were labeled as 1 if they were related to HIF and -1 if they came from the 

other events. These were then divided into training and testing sets. Two support vector 

machine based classifiers were trained. Prior to the training, the regularization parameter for 

the SVM was determined. The training to testing data ratio was kept same as before. One 

with features obtained from single phase current and the other with features obtained from 

the neutral current. Each classifier was then separately tested and its accuracy was measured 
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using its performance on the testing set. Also, another set of entirely unseen data was used to 

do a sensitivity analysis. 

3.4 Test Results for High Impedance Fault Detection Algorithm 

3.4.1 Data Generation 

Since conventional protective devices do not operate during High Impedance Faults, it is 

difficult to obtain real data related to HIFs. In order to carry out the analysis, a Simulink 

model was developed for simulating HIFs. Different models to simulate HIF have been 

discussed in [40][41][42][43]. In [40] Cui et al. have proposed an HIF model in which a time 

varied earth resistance is in series with a dynamic arc resistance. The dynamic arc resistance 

has been modeled using the Mayr model. The authors in [41] obtained data by actually 

creating a setup in their lab where they made a tree touch the conductor and measurements 

were recorded. Based on this data, they came with a HIF model shown in Figure 66. 

 

Figure 65: Model in Paper -[40]  

 

 

Figure 66: Model in Paper - [41] 
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It is clear from the literature review that HIFs can be simulated as an Arc Model in series 

with high impedance.  

HIF model 

The diagram below shows the circuit we have used to simulate HIFs. We have adopted a 

modified version of the model used in [40]. 

 

Figure 67: HIF model used in simulating data 

V[n]: Potential difference across the HIF 

E[n]: Potential difference across the arc 

R: The high impedance in series with arc model 

The components of the HIF model are discussed in Appendix . 
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The Test circuit 

The HIF model has been tested on a Test Distribution Circuit. The circuit has 9 main line 

segments as shown in Figure 68. High impedance faults, Load switching and Cap Bank 

switching events were simulated on all the line segments. For the analysis, it is assumed that 

the monitoring devices will be installed at the substation. The voltage and current waveforms 

sampled at 64 samples per cycle available at the substation were obtained for analysis. 

 

Figure 68: Division of the Test distribution circuit into different regions 
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HIF simulation 

Most of the HIFs are single phase [40], hence in our analysis only single phase high 

impedance faults have been simulated as shown in Figure 106.  

Different types of HIF simulated 

An important factor of high impedance faults is the duration of the faults. In this work, we 

have simulated faults with different arc durations: 

 Less than 1 cycle: In this case, the arc extinguishes within the first cycle of inception. 

The fault current has been shown in Figure 69. 

 

Figure 69: HIF current when arc extinguishes within 1 cycle 
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 Few cycles: In this case, the duration is greater than 1 cycle but the fault is not 

persistent. The arc extinguishes within a few cycles as shown in Figure 70. This is an 

example of a tree branch touching the overhead lines occasionally for small durations. 

 

Figure 70: HIF current when arc extinguishes after few cycles 

 Persisting fault: In this case, the arc continues and the HIF persists for a long time. 

This is an example of a tree branch continuous touching an overhead line. 

 

Figure 71: HIF current for persisting arc 
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HIF faults were generated in the line segments – Line Segment 1, Line Segment 2, Line 

Segment 3, Line Segment 5, Line Segment 6 and Line Segment 8. The fault resistance for the 

HIF model was set to one of the two values - 500Ω and 750Ω. The power dissipated for the 

HIF was adjusted so that different arc lengths - <1 cycle, 1 cycle, 2 cycles, <10 cycles, >10 

cycles was obtained. 

Capacitor Bank Switching 

The capacitor banks were placed at the different regions in the circuit. Switching on and 

switching off was simulated and the waveforms recorded at the substation was used for 

analysis. At each location, the VAR capacity was varied from ten percent of the capacity to 

full capacity in steps of ten percent to get different waveforms for training. 

In order to generate the Capacitor Bank switching data: 

 Capacitor banks were placed at 5 locations (Line Segment 4, Line Segment 5, Line 

Segment 6, Line Segment 7 and Line Segment 8) 

 The banks were switched on in all the above locations and waveforms were recorded 

 The banks were switched off in line segment 5 and line segment 8 and waveforms 

were recorded 

 In all the waveforms, the time of capacitor bank switching event took place at the end 

of the second cycle  

 The reactive power injection was varied between 10%-100% of the full capacity to 

generate data 
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Load Switching 

Different loads were switched on at the different line segments (Line Segment 2, Line 

Segment 5, Line Segment 6, Line Segment 7 and Line Segment 8).  At each region, a load 

which a certain percentage of the existing load was switched on and the waveforms were 

analyzed. The load was typical R-L load. More details about the exact specifications of the 

load can be found in Appendix B. 

3.4.2 Feature Extraction 

From these simulations, 55 waveforms for HIF and 129 waveforms for other events were 

obtained. All the waveforms were processed using Discrete Wavelet Transform and the 

features were extracted.  

The mean and standard deviation of the individual features obtained from the neutral current 

is given below in the table. 

Table 33: Mean and Standard Deviation of features belonging to the two classes (Source: Neutral Current) 

  HIF Non-HIF 

Features Mean 
Standard 

Deviation Mean 
Standard 

Deviation 

Max_D1_Part1 0.000988 0.00113 0.001964 0.003048 

Max_D2_Part1 0.00225 0.001064 0.005435 0.00533 

Max_D3_Part1 0.020645 0.00144 0.023767 0.007973 

Energy_D1_Part1 9.97E-06 1.85E-05 7.87E-05 0.000213 

Energy_D2_Part1 0.000143 8.45E-05 0.000629 0.000923 

Energy_D3_Part1 0.018131 0.001081 0.020808 0.008144 

Max_D1_Part2 0.000296 0.000536 0.000128 0.000142 

Max_D2_Part2 0.001626 0.000973 0.00103 0.000293 

Max_D3_Part2 0.019193 0.002494 0.017207 0.002286 

Energy_D1_Part2 5.82E-06 2.41E-05 8.18E-07 1.21E-06 
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Table 33 Continued 

Energy_D2_Part2 0.000176 0.000153 0.000102 2.83E-05 

Energy_D2_Part2 0.022847 0.003113 0.022411 0.006128 

Graphical comparison of mean and standard deviation for each feature extracted from the 

neutral current is done in Table 34. 1 stands HIF faults and 2 stands for non-HIF faults. The 

cross (X) indicates the mean of that particular feature and length of the line indicates the 

standard deviation. 

Table 34: Graphical comparison of distribution of features in each class (Source: Neutral Current) 

 

Figure 72: Max_D1_Part1 

 

Figure 73: Max_D2_Part1 
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Table 34 Continued 

 

Figure 74: Energy_D2_Part1 

 

Figure 75: Energy_D3_Part1 

 

Figure 76: Max_D3_Part2 

 

Figure 77: Energy_D1_Part2 

 

Figure 78: Max_D3_Part1 

 

Figure 79: Energy_D1_Part1 
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Table 34 Continued 

 

Figure 80: Energy_D2_Part2 

 

Figure 81: Energy_D2_Part2 

 

Figure 82: Max_D1_Part2 

 

Figure 83: Max_D2_Part2 
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 The value of mean of features extracted from the second part (Part1) of the 

decomposed waveforms corresponding to HIFs is more than that of corresponding to 

non-HIFs. This again is in accordance to what we had seen in the figures. 

The mean and standard deviation of the individual features obtained from single phase 

current is given below in Table 35. Graphical comparison of mean and standard deviation for 

each feature extracted from the single phase current is done in Table 36. 

Table 35: Mean and Standard Deviation of features belonging to the two classes (Source: Single Phase Current) 

  HIF Non-HIF 

Features Mean 
Standard 

Deviation Mean 
Standard 

Deviation 

Max_D1_Part1 0.000737 0.000396 0.041738 0.06327 

Max_D2_Part1 0.002837 0.000722 0.06804 0.097181 

Max_D3_Part1 0.023973 0.003694 0.146601 0.158159 

Energy_D1_Part1 7.19E-06 5.77E-06 0.115874 0.295315 

Energy_D2_Part1 0.000212 0.00011 0.184716 0.41949 

Energy_D3_Part1 0.020441 0.002767 0.915639 1.744697 

Max_D1_Part2 0.000321 0.000279 0.007196 0.011842 

Max_D2_Part2 0.002255 0.001233 0.008135 0.013226 

Max_D3_Part2 0.019717 0.004134 0.023555 0.0103 

Energy_D1_Part2 5.5E-06 9.05E-06 0.004225 0.009929 

Energy_D2_Part2 0.000345 0.000347 0.004176 0.011815 

Energy_D2_Part2 0.023857 0.004531 0.026212 0.009194 
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Table 36: Graphical comparison of distribution of features in each class (Source: Single Phase Current) 

 

Figure 84: Max_D1_Part1 

 

Figure 85: Max_D2_Part1 

 

Figure 86: Max_D3_Part1 

 

Figure 87: Energy_D1_Part1 

 

Figure 88: Energy_D2_Part1 

 

Figure 89: Energy_D3_Part1 
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Table 36 Continued 

 

Figure 90: Max_D1_Part2 

 

Figure 91: Max_D2_Part2 

 

Figure 92: Max_D3_Part2 

 

Figure 93: Energy_D1_Part2 

 

Figure 94: Energy_D2_Part2 

 

Figure 95: Energy_D2_Part2 
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We observe the following things from Table 36: 

 The values of features obtained from HIF related waveforms are much smaller 

compared to the values of features obtained from non-HIF related waveforms 

 In this case, we find that the mean values of almost all features corresponding to HIF 

faults is smaller than mean values of features extracted from non-HIF faults. 

3.4.3 Classification using Support Vector Machines 

The division of the dataset into training and testing sets was done. The same ratio was used 

as before. 80% of the data was used for training and the rest was used for testing. In order to 

determine the regularization parameter (C) for the SVM for best performance, the accuracy 

of the SVM for different values of C was calculated. From Figure 96, we took the value of C 

as 10000. 

 

Figure 96: Plot of accuracy vs log of C value 
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Results 

The performance of both the trained classifiers (Neutral Current based and Single Phase 

Current based) was evaluated using the test data. 

Table 37: Accuracy of both the classifiers 

  Neutral Current classifier 
Single phase current 

classifier 

Average Correct Classification 92.84% 94.78% 

Average Incorrect Classification 7.16% 5.22% 

 

Both the classifiers perform very well. The accuracy of the SVM classifier trained with 

features from the single phase current was better compared to the one trained with features 

from the neutral current. The difference however was not very significant. 

Table 38: Confusion Matrix for Neutral current classifier 

 HIF Non-HIF 

Classified as HIF 24.49% 1.92% 

Classified as Non HIF 5.24% 68.35% 

 

Table 39: Performance measures for Neutral current classifier 

Sensitivity (Ratio of  HIF classified correctly) 0.8237 

Specificity (Ratio of  non HIF classified correctly) 0.9726 

g-mean 0.8951 
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Table 40: Confusion Matrix for Single phase current classifier 

 HIF Non-HIF 

Classified as HIF 27.32% 2.81% 

Classified as Non HIF 2.41% 67.46% 

 

Table 41: Performance measures for Single phase current classifier 

Sensitivity (Ratio of  HIF classified correctly) 0.9189 

Specificity (Ratio of  non HIF classified correctly) 0.9600 

g-mean 0.9392 

 

From the calculations above, we can conclude that the classifier trained with single phase 

current performs is better than the classifier trained with neutral current. All the performance 

metrics seem to indicate that. There is a significant difference in the Sensitivity values of the 

two classifiers. While the neutral current classifier is able to correctly predict 82.37% of the 

HIFs, the single phase current classifier is able to predict 91.9% of the HIFs correctly. Also, 

the g-mean value which is an indicator of the overall performance of a classifier also 

indicates that the single phase current classifier is a better one. But in terms of 

implementation, three single phase classifiers have to be implemented so the cost would be 

more compared to a single neutral current classifier.  
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Sensitivity Analysis 

An entirely different set of HIF data was generated at different line segments with different 

values of fault resistances. Also, the duration of the arc was also varied. This data was then 

used to test the accuracy of the classifier trained earlier with the training data and the 

sensitivity of the method was checked. 

Neutral current classifier 

 

Figure 97: Sensitivity analysis for the neutral current classifier. 
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As Figure 97, most of the HIF faults were correctly classified by the method used. Only one 

fault in line segment 1 was misclassified. This indicates the developed method is pretty 

robust and the classifier has high sensitivity. 

Single phase current classifier 

 

Figure 98: Sensitivity analysis for the single phase current classifier 

As Figure 98 shows, most of the HIF faults were correctly classified by the method used. 

Only one fault in line segment 1 was misclassified. This indicates this developed method is 

pretty robust and the classifier has high sensitivity. 

Region1

Region 2

Region 3

Region 4

Region 5

Region 6

Region 7

Region 8

Region 9

Discrete,

Ts = 1.628e-005 s.

pow ergui

Vabc_Iabc_In

To Workspace1

N

A

B

C

Three-Phase Source2

Vabc

Iabc
A

B

C

a

b

c

Vabc

Iabc
A

B

C

a

b

c

Vabc

Iabc
A

B

C

a

b

c

Vabc

Iabc
A

B

C

a

b

c

Three-Phase
V-I Measurement13

Vabc

Iabc
A

B

C

a

b

c

Three-Phase
V-I Measurement12

V
a
b
c

Ia
b
c

A B C

a b c

Three-Phase
V-I Measurement11

Vabc

Iabc
A

B

C

a

b

c

Three-Phase
V-I Measurement

1
2
0
+ N

1
2
0
-

Static Load11
2
0
+ N

1
2
0
-

Static Load

Series RLC Branch1

Scope5

Scope4

ZOH

Rate Transition1

1
+ 1

+
2

2 +
3

3

Multi-Winding

Transformer1

1
+ 1

+
2

2 +
3

3

Multi-Winding

Transformer

A

B

C

A

B

C

Line9

A

B

C

A

B

C

Line8

A

B

C

A

B

C

Line7

A B C

A B C

Line6

A B C

A B C

Line5

A B C

A B C

Line4

A B C

A B C

Line3

A B C

A B C

Line2

A

B

C

A

B

C

Line1

Cap2C

Cap2B

Cap2A

Cap1C

Cap1B

Cap1A

C9

C8

C7

C6

C5

C4

C3

C28

C2

C1

B9

B7

B6

B5

B4

B3

B28

B2

B1

Add

A9

A7

A6

A5

A4

A3

A28

A2

A1

A1+

A1

B1+

B1

C1+

C1

A2+

A2

B2+

B2

C2+

C2

 

Accuracy: 4/5 
Accuracy: 5/5 

Accuracy: 5/5 

Accuracy: 5/5 

Accuracy: 5/5 

Accuracy: 5/5 



116 

 

3.5 Conclusions 

We can draw the following conclusions from our work on High Impedance Fault Detection: 

 Both, Neutral current and Single phase current can be used for HIF detection. 

 The performance of the classifier trained with features from single phase current is 

better than the classifier trained with features obtained from neutral current. 

 The performance of the Single Phase Current SVM classifier is very good. But, three 

such classifiers need to be installed to detect HIFs in all three phases. However only 

one Neutral Current SVM classifier can detect HIFs in all three phases. Keeping cost 

in mind, Neutral Current SVM classifier would be better. 

 The data used in this work was obtained from simulations. Although, the modeling of 

HIF was done accurately, the performance of the classifiers will take a dip once they 

are trained and tested with real data.  
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CHAPTER 4: CONCLUSIONS 

In conclusion, this chapter gives a summary of the two methods developed and their 

performance.  

A Fault Cause Identification method was developed and its performance was evaluated for 

different cases. The first set of analysis was done using non-waveform data (hour, month and 

weather conditions) obtained from Utility 2. For identifying tree caused faults, an ANN 

based classifier performed slightly better than a SVM based classifier. The difference in 

performance was very small though. For identifying faults caused by animals, Bagged-SVM 

performed better than Bagged-ANN and both these classifiers performed better than the ones 

which used a single SVM or a single ANN model for classification. The second set of 

analysis was done using all the data (waveform and non-waveform) from Utility 2. Only tree 

caused faults were considered in this case. Due to the screening method that was used, a lot 

of the data could not be used for training. As a result, both the classifiers performed poorly. 

The final analysis was done on data obtained from EPRI disturbance library. The SVM based 

tree fault classifier did a superior job compared to the ANN based tree fault classifier. We 

can conclude that fault cause identification can be done with reasonable accuracy if sufficient 

amount of data is available for analysis. Also, if the waveforms available for analysis would 

be sampled at higher sampling frequency, then features related to the high frequency 

components can be extracted and they may give more insight about tree caused and animal 

caused faults. 
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In the second part of the project, focus was shifted to fault prediction in the distribution 

feeders. It was observed when trees touched overhead lines, they caused high impedance 

faults. A High Impedance Fault detection method was developed and tested. The data used 

for analysis was simulated. Features extracted from the neutral current and single phase 

current were fed separately to two different SVM classifiers. Both of them performed well on 

the test data set but the performance of the classifier trained with features for single phase 

current was better than the other. However, considering the fact that three separate single 

phase current classifiers may be required as against a single neutral current classifier for 

detecting HIFs, deployment of neutral current classifier is cost effective.  
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Appendix A 

Wavelet Transform 

Continuous Wavelet Transform  

The continuous 1-dimension wavelet transform (CWT) of a signal x(t) is defined as: 

           
 

√   
∫        

   

 
   

  

  

 

where ψ (t) is the base function or mother wavelet, ‘*’ denotes a complex conjugate and a, b 

Є R, a, are the dilation and translation parameters, respectively. R is the real number system. 

Discrete Wavelet Transform  

Wavelet transform of sampled waveforms can be obtained by implementing the discrete 

wavelet transform (DWT) which is given by: 

           
 

√  
 

∑       
     

 

  
  

 

 

where, the parameters a and b in the continuous wavelet transform equation are replaced by 

a0
m
 and k a0

m
, k and m being integer variables. 

Advantages of Wavelet Transform over Fourier Transform 

The Fourier transform gives information if a certain frequency component is present in the 

signal or not. It does not provide any knowledge about the time the particular frequency 

component was present in the signal. As a result of which it is not a great tool for analyzing 
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non - stationary signals whenever time information is also required. In such situations, 

wavelet transform comes handy because it has the capability of providing both the time and 

frequency information.   

Support Vector Machines 

Linear SVM Mathematically 

The distance of a point    from the linear separator (given by the equation      ) is given 

by the formula   
      

     
 . The points closest to the hyperplane are called support vectors 

and they decide parameters (w and b) of the separator. The margin ρ of the separator is the 

shortest distance between support vectors on either side of the separator. An SVM constructs 

a decision surface such that the margin of separation(ρ) between the two data sets is 

maximized. 

Let training set {(xi, yi)}i=1..n, xiR
d
, yi  {-1, 1} be separated by a hyperplane with margin ρ. 

Then for each training example (xi, yi): 

        
 

 
           

       
 

 
          

The above equations can be combined and written in the following manner: 
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For every support vector xs the above inequality is equality.    After rescaling w and b by ρ/2 

in the equality, we obtain that distance between each xs and the hyperplane is  

  
    

      

     
 

 

     
 

Then the margin can be expressed through (rescaled) w and b as: 

     
 

     
 

In order to maximize the margin, a quadratic optimization problem can be formulated. Those 

values of w and b have to be found out which maximize    
 

     
  for all (xi, yi), i=1..n such 

that yi(w
T
xi + b) ≥ 1. This is reformulated as a minimization problem. Hence, those values of 

w and b are found which 

                                       

for all (xi, yi), i=1..n such that yi (w
T
xi + b) ≥ 1 

So the quadratic function needs to be optimized subject to linear constraints. Quadratic 

optimization problems are a well-known class of mathematical programming problems for 

which several (non-trivial) algorithms exist. 

The corresponding Lagrangian function for this problem is given below 

         
 

 
    ∑       
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The solution involves constructing a dual problem where a Lagrange multiplier αi is 

associated with every inequality constraint in the primal (original) problem: 

• αi…αn are found such that 

•      ∑   
 

 
∑∑          

    is maximized and  

• Σαiyi = 0 

• αi ≥ 0 for all αi  

Given a solution α1…αn  to the dual problem, solution to the primal is:  

• w  =Σαiyixi            b = yk - Σαiyixi 
T
xk    for any αk > 0 

• Each non-zero αi indicates that corresponding xi is a support vector. 

Then the classifying function is (note that we don’t need w explicitly): 

• f(x) = Σαiyixi
T
x + b 

It should be noticed that the function for the separator relies on an inner product between the 

test points x and the support vectors xi. Also, it is observed that while solving the 

optimization problem, the computation involved inner products (xi
T
xj) between all training 

points. 

  



131 

 

Soft Margin Classification 

The method discussed above is used when points belonging to the different classes can be 

linearly separated. However in real world, we mostly encounter cases where data is not 

linearly separable. In such a case, Slack variables ξi are introduced to allow misclassification 

of difficult or noisy examples, resulting in the margin being called soft. 

 

Figure 99: Soft Margin Classification 

The optimization problem formulation needs to be changed in order to incorporate slack 

variables. So w and b are calculated such that the following function is minimized  

          ∑    

for all (xi ,yi), i=1..n such that yi (w
T
xi + b) ≥ 1 – ξi,  ,    ξi ≥ 0  

The parameter C can be viewed as a way to control overfitting. It “trades off” the relative 

importance of maximizing the margin and fitting the training data. A large C value means 
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that the SVM designer has high confidence in the quality of the training sample and a small 

C value would imply that the training sample is considered to be noisy.  

The dual problem is identical to separable: 

• αi…αn are found such that 

•      ∑   
 

 
∑∑          

    is maximized and  

• Σαiyi = 0 

• 0 ≤ αi ≤ C for all αi 

xi with non-zero αi will be support vectors. Solution to the dual problem is: 

• w  =Σαiyixi             

• b= yk(1- ξk) - Σαiyixi
T
xk    for any k such that αk>0 

There is no need to compute w explicitly for classification. The formula for the separator is 

given as: 

• f(x) = Σαiyixi
T
x + b 

Non-linear SVMs 

In order to deal with cases where there is a need for a non-linear hyperplane to separate the 

two classes, the original feature space is mapped to some higher-dimensional feature space 

where the training set is separable. This is illustrated in Figure 100. 
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Figure 100: Mapping of input space into a higher dimensional space where it is linearly separable 

The “Kernel Trick” 

As it was observed earlier, the linear classifier relies on inner product between vectors 

K(xi,xj)=xi
T
xj. If every data point is mapped into high-dimensional space via some 

transformation Φ:  x → φ(x), the inner product becomes: 

K(xi,xj)= φ(xi) 
T
φ(xj) 

A kernel function is a function that is equivalent to an inner product in some feature space. 

Thus, a kernel function implicitly maps data to a high-dimensional space (without the need to 

compute each φ(x) explicitly).  Some of the commonly used kernel functions are given 

below: 

 Linear: K(xi,xj)= xi
T
xj   

• Mapping Φ:    x  →  φ(x), where φ(x) is x itself  
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 Polynomial of power p: K(xi,xj)= (1+ xi
T
xj)

p
 

• Mapping Φ:    x  →  φ(x), where φ(x) has  (
   

 
)   dimensions  

 Gaussian (radial-basis function):  K(xi,xj) =  

• Mapping Φ:  x → φ(x), where φ(x) is infinite-dimensional: every point is 

mapped to a function (a Gaussian); combination of functions for support 

vectors is the separator. 

Dual problem formulation: 

• αi…αn are found such that 

•      ∑   
 

 
∑∑                 is maximized and  

• Σαiyi = 0 

• αi ≥ 0 for all αi  

The solution is: 

• f(x) = ΣαiyiK(xi, xj) + b 

Optimization techniques for finding αi’s remain the same. 
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Artificial Neural Networks 

Feed forward operation 

A multi-layered feed forward neural network architecture is shown in Figure 101. It consists 

of an input layer, hidden layers and one output layer. An activation function is applied to the 

input at each neuron of the network during the forward pass. 

 

Figure 101: Multi layered neural network [27] 

Mathematical representation for the forward pass of the neural network [27]: 
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Backpropagation algorithm 

Generally, by using the error back propagation algorithm, the neural network is trained in a 

supervised manner. To produce error signal, the actual response of the network is subtracted 

from the desired signal. This error signal is propagated backward through the network against 

the direction of synaptic weight connections and the synaptic weights are adjusted to make 

actual response of the network much closer to the desired response. 
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Table Structures 

 

Figure 102: Table Structure of Events Table 
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Figure 103: Table Structure of Outage Table 
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Figure 104: Table Structure of Waveform Table 

 

 

Figure 105: Table Structure of Feeder Table 
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SQL and Matlab Codes 

1. SQL Code 1 
SELECT * 
FROM (SELECT A1.OUTAGE_REPAIR_ID, A1.OUTAGE_REPORTED_TIMESTAMP, 
A1.FEEDER_ID, A2.EVENT_ID, A2.START_TIME, (A1.OUTAGE_REPORTED_TIMESTAMP-
A2.START_TIME -A2.START_FRACTION/(24*60*60)) AS TIME_DIFF FROM (SELECT * FROM 
OUTAGES_2003 AS A, FEEDER AS B WHERE A.FEEDER_NUMBER = B.IDENTIFIER)  AS A1, 
EVENT_2003 AS A2 WHERE A1.FEEDER_ID = A2.FEEDER_ID)  AS [%$##@_Alias] 
WHERE TIME_DIFF > 0 AND TIME_DIFF <= 0.25/24; 
 

2. SQL Code 2 

SELECT A.* 
FROM OUTAGE_EVENT_MANY_TO_MANY AS A, (SELECT OUTAGE_REPAIR_ID, 
MIN(ABS(TIME_DIFF)) AS MIN_TIME_DIFF FROM OUTAGE_EVENT_MANY_TO_MANY 
GROUP BY OUTAGE_REPAIR_ID)  AS B 
WHERE A.OUTAGE_REPAIR_ID = B.OUTAGE_REPAIR_ID AND A.TIME_DIFF = 
B.MIN_TIME_DIFF; 
 

3. SQL Code 3 
SELECT A.EVENT_ID, A.TIME_DIFF, B.* 
FROM (SELECT * FROM OUTAGE_EVENT_MANY_TO_ONE WHERE EVENT_ID IN ( SELECT 
EVENT_ID FROM  ( SELECT EVENT_ID,COUNT(*) AS COUNT FROM 
OUTAGE_EVENT_MANY_TO_ONE GROUP BY EVENT_ID ) WHERE COUNT = 1 ))  AS A, 
OUTAGES_2003 AS B 
WHERE A.OUTAGE_REPAIR_ID = B.OUTAGE_REPAIR_ID; 
 

4. SQL Code 4 
SELECT EVENT_ID, FEEDER_ID, START_TIME, START_FRACTION, CA, CB, CC, CN, OUTAGE 
FROM EVENT_2003 
WHERE EVENT_ID IN 
(SELECT DISTINCT EVENT_ID FROM WAVEFORM_2003) 
ORDER BY FEEDER_ID, START_TIME, START_FRACTION; 
 

5.  Matlab Code 1 
% Matlab Code 
%% Event Grouping Program 
 
clear all 
close all 
clc 
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[ndata, headertext] = 
xlsread('EVENTS_WITH_WAVEFORMS_2003.xlsx','EVENTS_WITH_WAVEFORMS_2003'); 
dates_str = headertext(2:end,3); 
dates = []; 
for i = 1:length(dates_str) 
    date_str = dates_str{i,1}; 
    if strcmp(date_str(1,end-1:end),'AM') == 1 
        dates = [dates;datenum(dates_str(i),'mm/dd/yyyy HH:MM:SS AM')]; 
    else 
        dates = [dates;datenum(dates_str(i),'mm/dd/yyyy HH:MM:SS PM')]; 
    end 
end 
 
ndata(:,10) = dates + ndata(:,4)/24/60/60; 
 
ndata(1,11) = 0; %Diff between feeder_ids of consecutive records 
ndata(1,12) = 0; %Diff between times of consecutive records 
ndata(1,13) = 1; %Group of the event 
 
ndata(2:end,11) = ndata(2:end,10) - ndata(1:end-1,10); 
ndata(2:end,12) = ndata(2:end,2) - ndata(1:end-1,2); 
 
for j = 2:size(ndata,1) 
    if ndata(j,12) == 0 && ndata(j,11) < 1/24/60 
        ndata(j,13) = ndata(j-1,13); 
    else 
        ndata(j,13) = ndata(j-1,13) + 1; 
    end 
end 
 

6. SQL Code 5 
SQL Code: 
SELECT A1.GROUP_NO, A2.EVENT_ID, FEEDER_ID 
FROM (SELECT GROUP AS GROUP_NO, MIN(TIME) AS MIN_START_TIME FROM 
GROUP_DATA_NEW GROUP BY GROUP)  AS A1, (SELECT EVENT_ID, TIME AS 
START_TIME_ACTUAL, GROUP AS GROUP_NO, FEEDER_ID FROM GROUP_DATA_NEW)  AS 
A2 
WHERE A1.GROUP_NO = A2.GROUP_NO AND A1.MIN_START_TIME = 
A2.START_TIME_ACTUAL; 
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7. Matlab Code 2 
Matlab Code: 
%% Modifying the event that is mapped to an outage 
 
clear all 
clc 
close all 
 
[filedata filetext] = xlsread('C:\Users\ssahoo\Desktop\Work\Data\Progress 
Energy\WAVEFORMS\Third 
Iteration\OUTAGE_EVENT_ONE_TO_ONE.xlsx','OUTAGE_EVENT_ONE_TO_ONE'); 
[groupdata grouptext] = xlsread('C:\Users\ssahoo\Desktop\Work\Data\Progress 
Energy\EVENT_GROUP.xlsx','Sheet1'); 
event_outage = [filedata(:,1) filedata(:,3)]; 
first_event = []; 
for i=1:size(event_outage,1) 
    group_no = groupdata(find(groupdata(:,1) == event_outage(i,1)),4); 
    if size(group_no,1) > 0 
         
        n = find(groupdata(:,4) == group_no); 
        first_event = [first_event;groupdata(min(n),1)]; 
    else 
        first_event = [first_event;event_outage(i,1)]; 
    end 
    %    keyboard; 
end 
event_outage_fevent = [event_outage,first_event]; 
 

8. SQL Code 6 
SQL Code: 
SELECT A.* 
FROM WAVEFORM_2003 AS A, OUTAGE_EVENT_ONE_TO_ONE_MODIFIED AS B 
WHERE A.EVENT_ID = B.F_EVENT_ID; 
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Appendix B 

Implementation of HIF in Simulink 

As mentioned earlier, HIFs can be simulated as an Arc Model in series with high impedance.  

There are various equations which govern the arc and we have used the Mayr’s equation to 

develop the arc model in this simulation. The Mayr’s equation is: 
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The discrete version of this equation is: 
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We have used a modified version of the above equation to develop our arc model. 

The Arc component has been modeled using a current source. The current source takes the 

following inputs: 

V[n]: Potential difference across the HIF 
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E[n]: Potential difference across the arc 

R: The high impedance in series with arc model 

The above inputs are then used to calculate the conductance (G[n]) across the arc by solving 

the following equation which is a modified version of the Mayr’s equation. 
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Once the conductance of the arc at the n
th

 has been calculated, it used to calculate the 

equivalent conductance across the entire HIF circuit. This equation is solved in Simulink 

using the Algebraic constraint block. The values at the (n-1)
th

 instant are obtained using delay 

blocks. The following equation is used to calculate that: 
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This equivalent conductance is then used to calculate the arc current at the n
th

 instant. 

               

The implementation of the above in Simulink is shown in Figure 106, Figure 107 and Figure 

108. 

 

Figure 106: HIF model used to create faults in Line Segment 2 of the test circuit 

Line Segment 2 
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Figure 107: Discrete Arc Model in Simulink 
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Figure 108: Arc model using Simulink 
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The parameter block for the HIF model is shown in Figure 109 

 

Figure 109: Parameters for the HIF model 

Tau[s]: Time constant representing the temperature inertia of the arc (measured in seconds) 

P[W]: Power loss of the arc per length (measured in Watts) 

g(0)[S]: Initial value of arc conductance (measured in Siemens) 
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Snapshots of fault current with HIF at different locations 

HIF at Line Segment 1 

 

Figure 110: HIF current for fault at Line Segment 1 (Impedance: 500 Ω & Pm (Power loss of the arc per length): 

7620 W) 
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Figure 111: HIF current for fault at Line Segment 1 (Impedance: 500 Ω & Pm: 7520 W) 
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Figure 112: HIF current for fault at Line Segment 1 (Impedance: 750 Ω & Pm: 5015 W) 
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HIF at Line Segment 2 

 

Figure 113: HIF current for fault at Line Segment 2 (Impedance: 500 Ω & Pm: 5200 W) 
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Figure 114: HIF current for fault at Line Segment 2 (Impedance: 500 Ω & Pm: 7200 W) 
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Figure 115: HIF current for fault at Line Segment 2 (Impedance: 750 Ω & Pm: 4820 W) 
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HIF at Line Segment 3 

 

Figure 116: HIF current for fault at Line Segment 3(Impedance: 500 Ω & Pm: 7150 W) 
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HIF at Line Segment 5 

 

Figure 117: HIF current for fault at Line Segment 5 (Impedance: 500 Ω & Pm: 7140 W) 
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