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ABSTRACT 

Fault localization algorithms are prone to multiple 
estimates on most distribution networks due to their tree-
shaped radial topology. To address this problem, 
localization may be supported by the identification of 
network section or zone where the fault occurred. This 
study aims to explore the development of fault zone 
classifiers that exploit the phase angle information given 
by phasor measurement units (PMUs) through feature 
engineering. Results show that the PMU angle information 
contributes to better clustering of different fault zones in 
the feature space which leads to better classification 
performance. Also, the study demonstrated the 
effectiveness of further improving the classifier 
performance through feature engineering. Analysis of a 
developed fault zone classifier was also performed to 
understand the characteristics of the misclassified fault 
instances.  

INTRODUCTION 

Distribution networks are exposed to shunt faults which 
could critically affect the power quality and availability of 
the system. Accurate fault diagnosis models can aid in 
reducing the adverse effects of shunt faults. An interest in 
machine learning-based fault location models [1, 2], which 
estimate the electrical distance of fault 𝑑 from a reference, 
are emerging. The problem of determining 𝑑 alone could 
lead to multiple estimates especially on distribution 
networks due to its tree-shaped radial topology. In [3, 4, 
5], fault zone classifiers identify the segment or zone 
where the fault occurred to address the multiple estimate 
problem. However, [3,4] only utilized the pre- and during-
fault variations of voltage and current magnitudes which 
did not utilize the angle information. 
Phasor Measurement Units (PMUs) provide systemwide 
measurements of voltages and currents at power frequency 
[6]. The angle information from PMUs may aid in building 
better models for fault location in distribution systems [7], 
which indirectly could lead to more accurate fault zone 
identification. 
This study aims to explore the development of fault zone 
classifiers by performing feature engineering that includes 
angle information from PMUs. Specific objectives are: 1) 
perform feature construction and selection to improve 
clustering of datapoints in feature space based on zones, 2) 
compare model performances of feature-engineered 
classifiers to magnitude- and raw phasor-based classifiers, 
and 3) analyze the misclassifications estimated by the 
feature-engineered classifiers. Most of the previous works 
did not consider the dynamics of loads and variations of 
fault impedances but were considered in this study. 

FAULT ZONE CLASSIFIER DEVELOPMENT 

The development pipeline of fault zone classifiers is 
illustrated in Fig. 1. Aside from using the angle 
information of the phasor measurements, a significant 
difference from the previous studies is the feature 
engineering block composed of feature construction and 
selection. Feature construction is performed to find the 
underlying patterns from the raw phasor measurements. 
Aggregating all the raw and constructed features will yield 
to a feature pool F that may contain redundant and 
irrelevant features. Feature selection is then performed on 
F to obtain a non-redundant and relevant feature sets S(.). 
 

 
Fig. 1. Pipeline for fault zone classifier development 

Feature Construction 
The set of features contained in F as well as how features 
were constructed is illustrated in Fig. 2. For every PMU, 
features such as: 1) sequence components, 2) apparent 
impedance, and 3) Inter-stream. Inter-PMU based features 
were then computed from the relationships between the 
constructed features constructed from one PMU to 
another. After performing feature construction, all the 
features were aggregated into a feature pool 𝐹 which 
contains around 𝑝 = 147 features in complex value. 
Before building the classifiers, real and imaginary 
components of each feature in 𝐹 are acquired to represent 
the complex valued features resulting to 𝑝 = 294 features. 
A previous study of the author shows that decomposing the 
phasor to real and imaginary components result better zone 
clustering of datapoints in the feature space rather than 
representing in magnitudes and angles. The constructed 
features are described below. 
 

 
Fig. 2. Progression of generating the feature pool from 
system PMU measurements 
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Raw Phasors 
Variations of voltage and current phasors (𝑉( )

∆ , 𝐼( )
∆  where 

𝑖 ∈ {𝐴, 𝐵, 𝐶}) measured by the PMU 
 
Sequence Components 
Variations of zero, positive, and negative sequence 
components of voltage and current 
(𝑉 ( )

∆ , 𝑉 ( )
∆ , 𝑉 ( )

∆ , 𝐼 ( )
∆ 𝐼 ( )

∆ , 𝐼 ( )
∆ ) computed from the raw 

phasor measurement 
 
Apparent Impedances 
Voltage to current ratio at a measurement point as 
computed as: 

𝑍 =
𝑉( )

𝐼( )

, 𝑖 ∈ {𝐴, 𝐵, 𝐶} 

The variation of the pre- and during-fault apparent 
impedances for each phase was computed to acquire 𝑍 . 
 
Inter-stream 
Variations of the differences in the line currents and phase 
voltage phasors 𝐼( ) and 𝑉( ) where (𝑖, 𝑗) ∈

{(𝐴, 𝐵), (𝐵, 𝐶), (𝐶, 𝐴)} 
 
Inter-PMU measurements 
For every 𝑃𝑀𝑈 , 𝑋 ( ), 𝑋 ( ), … , 𝑋 ( ) were the 

aggregated raw and constructed features explained on the 
previous subsection. This section acquires the proportional 
relationships of each features between PMUs 
(e.g. 𝑋 ( ) /𝑋 ( )). Differences between PMU 
features (e.g. 𝑋 ( ) − 𝑋 ( )) were also computed. 
 

Feature Selection 
The objective of feature selection is to find a subset from 
the feature pool 𝐹 = (𝑋 , 𝑋 , … , 𝑋  ) where redundant 
and irrelevant features were discarded. Feature selection 
was performed on 𝐹 using Random Forest (RF) algorithm. 
The RF algorithm outputs a measure on feature importance 
which was used a basis to rank the features. An ordered list 
𝑅, from lowest to highest feature importance, was 
generated. A cut-off based on the percentile 𝑃 , where 𝑖 is 
the percentile rank, of the ordered list was used to set as a 
threshold on the feature set for classifier modeling. All the 
features higher than the percentile value of 𝑃  on 𝑅 was 
used to train the classifier. Percentile ranks 𝑖 =
{10,20, … ,90} were used in this study. 
 

Classifier Modeling 
Fault zone classifiers were induced using k-nearest 
neighbors and RF algorithms. The kNN models may give 
an insight on the clustering of different fault instances in 
feature space while RF classifiers provide an 
understanding on the presence of complex patterns in the 
feature space. The classifiers were trained and validated 
using labelled data set 𝜉 = (𝐹, 𝐶), where 𝐶 =

(𝑐 , 𝑐 , … , 𝑐 ) corresponds to fault zones of 𝑁 samples. 
The dataset was split, using stratified sampling, to training 
and test set which are composed of 70% and 30% of the 
dataset, respectively.  
 
k-Nearest Neighbors 
The kNN-based classifiers were used to gain insights on 
the structure of datapoints in feature space. These 
classifiers estimate the class of a new query point 𝑥  by 
initially finding the 𝑘 nearest training points (neighbors) 
by a distance measure in the feature space [9]. Then, the 
classifier performs majority voting based on the classes of 
the k-nearest neighbors. This type of inferencing provides 
information on how clustered or close the datapoints per 
zone in the feature space.  
Scaling was performed to both voltage- and current-based 
features. The classifiers were evaluated using 10-fold cross 
validation during training. The value of 𝑘 were set to 
{11,51,101}. 
 
Random Forest 
RF classifiers were used since it can provide flexible 
decision boundaries while having the advantage in ease of 
tuning. The flexible decision boundary aids in giving 
insights on complex patterns in the feature space. The RF 
model consists of 𝑀 decision trees (DT) where estimation 
of class (zone) is performed by aggregating the estimates 
of all DTs then employing majority voting [8]. In this 
study, the hyperparameters, number of decision trees 𝑀 
and other stopping criterion for controlling the depth of 
each DT, were held constant. The hyperparameter values 
were based on the initial classifier which was trained with 
all the features in the feature pool 𝐹. 
 
Performance Metrics 
The number of samples per zone 𝑐  are not equal for all 14 
zone classes which leads to an imbalanced multi-class 
dataset. Therefore, F1-micro (𝐹1 ) and F1-Macro (𝐹1 ) 
were used which can give performance insights on the 
imbalanced multi-class dataset. F1-scores require 
computation of micro- and Macro-averaged Precision and 
Recall (𝑃 , 𝑃 , 𝑅 , 𝑅 ). These metrics are expressed as 
[10]: 

𝑃 =
∑ 𝑡𝑝

∑ (𝑡𝑝 + 𝑓𝑝 )
, 𝑅 =

∑ 𝑡𝑝

∑ (𝑡𝑝 + 𝑓𝑛 )
 

 

𝑃 =
1

𝑛

𝑡𝑝

𝑡𝑝 +  𝑓𝑝
, 𝑅 =

1

𝑛

𝑡𝑝

𝑡𝑝 +  𝑓𝑛
 

 

𝐹1 =
2𝑃 𝑅

𝑃 +𝑅
, 𝐹1 =

2𝑃 𝑅

𝑃 +𝑅
 

 
where 𝑡𝑝, 𝑡𝑛, and 𝑓𝑛 denote true positive, true negative, 
and false negative, respectively. 𝐹1  is the same as 
accuracy where the more correct samples estimated, the 
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higher 𝐹1  regardless of the performance of the classifier 
per zone. Sometimes, higher 𝐹1  result in a better 
performance to the large sample-sized zone and poorer 
performance to the small sample-sized zone.  Thus, 
assessing 𝐹1  was also considered in some parts of the 
study. This is a metric that treats all zones to have equal 
weights in performance computation regardless of the 
number of samples per zone. Higher 𝐹1  means that the 
system performance improved accuracy throughout all 
zones but does not mean increased accuracy in all samples.    
 

Test System and Simulation 
The test system used is IEEE 34-bus test feeder, where 
fault zones and sensor placement are illustrated in Fig. 3. 
Simulations were performed using OpenDSS [11] where 
voltage regulator operations, load dynamics, and fault 
impedance variations were considered. The load values 
were assumed to have correlated variations throughout 
simulations. The load randomization was constrained by 
some regulations in the Philippine Distribution Code 
(PDC) [12], namely, voltage unbalance and voltage 
variations. During normal operations, the voltage 
unbalance between phases were set not to exceed 2.5%. 
Also, the allowed range of voltages were set to 0.9 to 1.1pu 
on all buses during normal operation. Fault impedance 𝑍 
was randomized for every fault instance which follows a 
distribution bounded between 1Ω − 100Ω with higher 
probability of occurrence of 𝑍 closer to 1Ω. 
This study considered that the primary purpose of the 
PMUs is for full observability of the network rather than 
primarily for fault diagnosis. Therefore, sensor placement 
was based on the PMU placement algorithm performed in 
[13]. 

 
Fig. 3. Sensor placement and fault zones implemented on 
the IEEE34 test feeder 
 

Distribution Network Zoning 
Zoning was determined such that no fault location at 𝑑 
would cause a multiple estimate problem on the same zone 
𝑐 . The main criteria for determining the zones are system 
topology, voltage regulators, loads connected, 
transformers, and line phases. As illustrated in Fig. 3, the 
network was segmented to 14 fault zones 𝐶 =
 (𝐹 , 𝐹 , … , 𝐹 , 𝐿 , 𝐿 , 𝐿 , 𝐿 , 𝐿 , 𝐿 , 𝐿 , 𝐿 , 𝐿 ) 
where 𝐹  and 𝐿  are indexed names for the main feeder and 

lateral zones, respectively.  

RESULTS AND DISCUSSION 

Feature Engineering 
The effect of feature engineering was assessed by 
comparing 𝐹1  of different models which were trained 
under different feature sets generated from 𝐹. The feature 
engineered subsets were based on the RF-generated 
ordered feature importance rank 𝑅. Each subset 𝑆(𝑃 ) 
corresponds the feature set percentile cutoff 𝑃 where 𝑖 is 
the percentile rank. Fig. 4 illustrates the classification rate 
of kNN and RF induced models using different feature 
sets. These are evaluated using the 10-fold cross-validation 
for kNN classifiers. For RF classifiers, the model was 
evaluated using out-of-bag (OOB) samples which is 
identical to N-fold cross-validation [8]. Comparing the 
kNN classifiers, it may be inferred that the clustering of 
fault zones in the feature spaces improves as some features 
are discarded (higher percentile rank cutoff). This is 
evident in comparing kNN (k=101) classifier trained using 
all features 𝑆(𝐹) and the classifier trained with feature 
importance higher than the 50th percentile 𝑆(𝑃 ); there is 
a significant increase from 73.4% to 84.5% 𝐹1  (or 
accuracy). This trend is also observed on 𝑘 = 11, 51. By 
observing the RF classifiers, improvement in complex 
patterns for fault zone classification are somehow evident. 
The importance of feature engineering in RF performance 
improvement will be further showed in the next section. 
However, the increase in RF 𝐹1  saturates as the number 
of features in 𝑆(. ) increases. This is because the RF model 
internally considers less weights on the information from 
a feature with less feature importance. However, feature 
selection must still be performed since some features 
might be possible sources of noise that could affect zone 
classification. Also, selection reduces the computation 
overhead for preprocessing.  
 

Importance of Phase Angle Information 
The selected feature-engineered classfiers were compared 
to the classifiers trained on magnitude-based and raw 
phasor-based feature sets. These provided baselines for 
comparison on the effects adding phase angle information 
and further improving the classifier using feature 
engineering. This subsection used the feature sets almost 
like 𝑆(𝑃 ), 𝑆(𝑃 ), and 𝑆(𝑃 ) where the feature sets 
contain the top 60, 120, and 180 features of 𝑅, 
respectively. These feature sets are denoted as 𝑆(𝑝 = 60), 
𝑆(𝑝 = 120), and 𝑆(𝑝 = 180) where 𝑝 corresponds to the 
number of features. These feature sets were considered 
since they yielded almost comparable 𝐹1  performance 
and it would be interesting to observe the 𝐹1  as well. 
Table 1 shows the 𝐹1  and 𝐹1  of the RF and kNN (k=51) 
classifiers on the test set. The table also includes the 
performance of the magnitude- and raw phasor-based 
classifiers. 
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Table 1. 𝐹1  and 𝐹1  of fault zone classifiers induced at 
different feature sets. 

 
 
It was observed that integrating both magnitude and angle 
information even without feature engineering improved 
the classifier performance as compared to classifiers that 
only used magnitude as features. The result also shows the 
effectiveness of feature engineering: 1) improvement of 
classification across all zones as described by 𝐹1  values 
and 2) improvement of classification for every class in the 
system as described by 𝐹1 .  

Model Analysis of RF FZ Classifier 
The feature-engineered RF classifier with the top 180 
features (p=180) is considered for classifier analysis 
having the best performance on both 𝐹1  and 𝐹1 . This 
subsection presents two confusion matrices (Fig. 5) of the 
RF classifier performance. A confusion matrix 𝑀 =
𝑀 , ̂ ∀ 𝑐, 𝑐̂ ∈ 𝐶 , where 𝑐 is the actual zone (true label) 
and 𝑐̂ is the estimated fault zone (predicted label), 
corresponds to the number of fault instances the classifier 
estimated 𝑐̂ when the actual fault occurred at 𝑐. Diagonal 
values of 𝑀 , ̂ where 𝑐 = �̂� correspond to the fault 
instances correctly classified while the off-diagonal values 
(𝑐 ≠ �̂�) correspond to the misclassified instances where 
the actual fault at 𝑐 but was estimated at 𝑐̂. Matrices in Fig. 
5 are separated in 4 quadrants where off-diagonal values 
are interpreted as: 
 Yellow – 𝑐 and 𝑐̂ are both in the main feeder zone 
 Green – fault instances at a main feeder zone at 𝑐 were 

estimated as an occurrence at a lateral zone 𝑐̂ 

 Red – fault instances at a lateral zone at 𝑐 were 
estimated as an occurrence at a main feeder zone at 𝑐̂ 

 Boundless – 𝑐 and 𝑐̂ are both in the lateral zone 
 

The unnormalized confusion matrix, illustrated in Fig. 5 
(left), shows that most misclassified instances are: 1) some 
faults that occurred at a lateral zone but was predicted a 
main feeder zone fault (inside green boundary) and 2) 
some faults that occurred at the main feeder zone but was 
predicted as a lateral zone fault (inside red boundary). 
Specifically, most are fault instances from zones 𝑍4, 𝑍5, 
and 𝐿5𝑎 (encircled in Fig. 5 (left)). Through data analysis, 
these instances are the faults that occurred near the 
boundaries of the adjacent zone. It was also observed that 
instances far from the boundaries are usually faults with 
higher resistance. Looking at the boundless region in Fig. 
5, there were no problems in discerning lateral zones to 
other lateral zones even though some lateral zones have 
same fault location 𝑑 ranges to other lateral zone. At the 
yellow region, it was also observed that the misclassified 
instances are usually near the zone boundaries. 
The normalized matrix, as shown in Fig. 5(right), 
describes the percentage of misclassified instances per 
zone. This emphasizes instances from zones 𝐿2𝑏, 𝐿4𝑏, and 
𝐿5𝑐 where the zones are predicted to its adjacent main 
feeder. This was due to tuning the classifier based on 𝐹1  
in an imbalanced dataset where lateral zones are 
underrepresented. This was the case of this study since it 
was assumed that there are more possibilities of faults on 
sections with more line phases and distribution lines. The 
classifier may be improved during training by performing 
strategies on [14] in dealing with imbalanced data such as 
1) sampling methods, 2) cost-sensitive methods, and 3) 
kernel-based methods.  

Fig. 4. Accuracy of kNN- and RF-induced fault zone classifiers using different feature sets based of RF feature importance. 
(Note that feature sets 𝑆(𝑃 ) describes the feature set with cut-off 𝑃  based on the ranked feature importance ordered list 𝑅. 
Also, the number after kNN and RF models corresponds to the hyperparameters 𝑘 neighbors and 𝑀 trees, respectively.) 
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CONCLUSION  

This work presents the development of fault zone 
classifiers that utilized the angle information of PMUs and 
performed feature engineering to further improve the 
classification performance. These classifiers are intended 
to solve the multiple estimates problem of fault location 
algorithms. By just adding the angle information, the 
classifiers improved significantly as compared to 
magnitude-based classifiers. The patterns in the feature 
space was further enhanced when feature engineering was 
performed, therefore, leading to better classifier 
performance. A feature-engineered classifier was analyzed 
where most of the misclassified instances were near the 
boundaries of different zones. Some faults with higher 
fault impedance and farther from the zone boundaries were 
also misclassified. The classifier also tends to estimate 
some actual fault instances at the lateral zone as an 
occurrence at the adjacent main feeder zone which is due 
to training using imbalanced dataset.  
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