Fault Location Algorithm for Radial Distribution
Systems Capable of Handling Insufficient and
Inaccurate Field Data
Yimai Dong

Mladen Kezunovic

Department of Electrical and Computer Engineering
Texas A&M University
College Station, USA
dongyimai@neo.tamu.edu

Department of Electrical and Computer Engineering
Texas A&M University
College Station, USA
kezunov@ece.tamu.edu

Abstract— A fault location algorithm for radial distribution
systems is proposed in this paper. The probability model of data
error is developed and the standard deviation of the error is
selected as one of the inputs to the fault location algorithm. Data
processing technology is introduced to evaluate data condition
and detect bad data before fault location calculation is obtained.
The contribution of inaccurate field-recorded data is recognized
in the stage of faulted node selection. Performance of the
proposed algorithm is tested and compared with a similar
algorithm, and the result shows that the proposed algorithm is
more reliable when field-recorded data is insufficient or
inaccurate.

I.

INTRODUCTION

Fault location in distribution system is gaining attention in
recent years for the reason of system reliability. On one hand,
customer requirement on the quality of power supply is higher
and on the other, electric utilities wish to reduce the revenue
loss caused by outage to the minimum. Efforts to reduce
outage time in distribution system may be achieved through
introducing
condition-based
maintenance
in
asset
management, and developing new algorithms for fault
location. Having an accurate fault location program helps
improving system reliability because the average time for field
crew for finding the faults in the system is reduced so isolating
the faults can be done more efficiently.. By reducing duration
of unexpected outages (outage caused by faults) and confining
the search for faults within a relatively small area, the
accuracy of fault location algorithms may have a huge impact
in system reliability.
Distribution fault location algorithms developed in recent
years can be classified into 4 different groups: Intelligent
processing of trouble calls [1], [2]; fault location based on
fault distance calculation [3]-[6]; Fault location using transient
signal features [7]-[10]; model-based fault location [11], [12].
In general, trouble call-based methods have the least capability
of pinpointing faults accurately, followed by the distanceThis work was supported by Power Systems Engineering Research
Center (PSerc) under the project T-36 titled “Integration of asset and outage
management tasks for distribution application”.

based methods. The accuracy of distance-based methods relies
highly on the estimation of fault resistance, and the results
become unreliable with the existence of laterals between
measurement points. Fault location methods using transient
signal features require high-frequency sampling and time
synchronization, and their accuracy relies highly on the
algorithm used for feature extraction.
The implementation of the algorithms mentioned above in
distribution systems is hampered by the availability of field
data. In distribution systems the field collected data has
several issues: a) Data comes mostly as phasors or
magnitudes; b). Very few sensors are installed in the system
exclusively for collecting voltage and current measurements,
except at the root of feeders; c). A limited data is available
from IEDs (power quality meter, etc.); d). The quality of data
is not guaranteed as the distribution level is not considered as
critical as the transmission level.
Constrained by the availability and quality of data,
algorithms that perform perfectly under ideal condition may
not be even acceptable under the practical condition of
insufficient or inaccurate field data. The model-based
algorithms based on comparison between simulated and filed
captured data are capable of handling sparse measurements,
butt such algorithms rely on pretty good information about the
distribution models being readily available, which is not a
very practical requirement.. Assuming the model data is
readily available, the problem raised by the scarcity of data
may be solved, but the problem of the results being affect by
the quality of data still exists.
This paper proposes a model-based distribution fault
location method that is capable of dealing with data with poor
quality. A discussion of source of data error and stochastic
method to reduce the impact of data error are introduced in
section II. Description of the algorithm is given in section III.
Section IV presents the evaluation results of the proposed

x

algorithm when compared with the algorithm introduced in
[12]. Conclusions are given in section V.
II.

XN

ERROR IN FIELD-RECORDED DATA

A. Data condition
As mentioned in the introduction, the availability of filed
data at the distribution level is not as good as at transmission
level. The imperfection of field data has two aspects:
1) Insufficiency: sensors placed in distribution systems
for protection and monitoring purpose are very few because
of the lack of instrument transformers and communication
facilities along feeders . In addition, data from available
sensors are mostly phasors or magnitudes that are not timesynchronized.
2) Inaccuracy: data recorded in the field is prone to erros
due to unreliable communications and potential calibration
problems with the sensors.
Based on the above,, a fault location algorithm
implemented in distribution systems must be able to deal with
the poor data condition. A model-based algorithm may be
selected to deal with the insufficiency of data, but data
processing technology is needed for dealing with the
inaccuracy of data. Data error needs to be analysis carefully
before any method is proposed to reduce the impact of error.
B. Modeling of data error
The data required for the fault location algorithm proposed
in this paper are phasors from feeder root and scalars from
some nodes in the distribution system. Data acquired may be
“contaminated” in two ways: from the sensor and during
transmission. A/D conversion, phasor calculation and electromagnetic interference (EMI) are all possible sources of error.
The model of acquired data may be represented as:
� = X + e(X) = X + [(G − 1) ∙ X + D(X) + x ]
X

(1)

where

� is the contaminated data;
X

G is the gain ratio;

e(X) is the total error inserted;

X is the true value of the electric quantity;
D(X) is the offset associated with X;
x is the random error (white noise).

The error consists of three parts: gain factor G, offset D
and random error x. The first part is proportional to the true
value of data, which comes from differences in the calibration
of measured value, caused by the. ratio of instrument
transformer, voltage reference in A/D conversion, etc. Offset
is a constant value introduced mostly by the difference in the
ground voltage and random error x may come from various
sources such as instrument transformer saturation or EMI.
Although it is hard to predict the random error, it is reasonable
to assume that it has a normal distribution:

~N(0, σ2 )

𝑝𝑝(𝑥𝑥) =

where

1

σ√2

(2)
𝑥𝑥 2

⋅ 𝑒𝑒𝑒𝑒𝑒𝑒(− 2σ2 )
π

(3)

𝑋𝑋𝑁𝑁 is the rated value of X;

𝑝𝑝(𝑥𝑥) is the density function of x;
σ2 is the variance of x.

C. Reduction of the error impact
The approaches for reducing the impact of data error are:
1) Cancel out the gain and offsset parts of data error by
doing simpleprocessing operations such as subtraction or
division;
2) Rely more on accurate data and less on inaccurate
data;
3) Detect and eliminate bad data when data error
exceeds the threshold.
Methodology for implementing such approaches is
described in the following section.
III.

FAULT LOCATION ALGORITHM

A. Data requirement
The proposed fault location algorithm is based on the one
proposed in [12]. However, some improvements are made for
handling insufficient and inaccurate data. Following is a
detailed description of data requirements.
1) Field-recorded data: pre-fault and during-fault phasors
of voltage and currents recorded from roots of feeders; prefault and during-fault magnitudes of voltages recorded at some
nodes in the system.
2) System information: topology information from feeder
database, such as length and per-mile impedance of line
sections, location and parameters of transformers and other
devices.
3) Load information: location of loads and connected
KVA.
4) Measurement information: location of voltage
measurements and the standard deviation 𝜎𝜎 of measurement
error.
B. Algorithm flow chart
The flow chart of proposed fault location algorithm is
shown in Fig.1. The algorithm consists of four steps: Pre-fault
load flow calculation, estimation of applicability, fault
simulation and faulted node selection. The four steps will be
described separately in the following sections.
Processing of data takes place in the step of estimation of
applicability where the data condition is estimated using
��detection test [13]. If the number of recorded data points
J�X
and accuracy cannot satisfy the requirements for
implementing the algorithm, bad data is removed from input
values. The procesure is repeated until the data is good enough

for the algorithm to be executed or no more data can be
removed and the program is terminated.
start

Run power flow

Calculated value of voltage magnitude at node i from pre𝑐𝑐𝑐𝑐𝑐𝑐
� , while
fault load flow calculation is designated as �𝑉𝑉𝑖𝑖,𝑝𝑝𝑝𝑝𝑝𝑝
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
field-recorded value is designated as �𝑉𝑉𝑖𝑖,𝑝𝑝𝑝𝑝𝑝𝑝 � . Weighted
difference 𝐽𝐽𝑖𝑖 is defined as ( 𝑉𝑉𝑁𝑁 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 is the
rated voltage):
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Figure 1. Flow chart

C. Power flow solution
The load flow algorithm for radial system described in
[14] is used to calculate pre-fault voltage magnitudes. Fixedimpedance model is used for load modeling. In the initial
stage, all node voltages are assigned with voltage recorded at
the root of feeders. Back-sweeping to update branch currents
using (4) and (5) and forward-sweeping to update node
voltages using (6) is done in every iteration. The stopping
criterion for iterations is defined by eg. (7).
(𝑘𝑘)

(𝑘𝑘−1)

𝐼𝐼𝑗𝑗 _𝑛𝑛 = 𝑍𝑍𝐿𝐿_𝑛𝑛 −1 ∙ 𝑉𝑉𝑛𝑛

where

�

2

(8)

(9)

Reliability index of field-recorded data is defined as:

Output result

(𝑘𝑘)

(𝑘𝑘)

𝑘𝑘
= ∑ 𝐼𝐼𝑏𝑏_𝑝𝑝 + 𝐼𝐼𝑗𝑗 _𝑛𝑛
𝐼𝐼𝑏𝑏_𝑖𝑖

(𝑘𝑘)

𝑉𝑉 𝑁𝑁 ∙𝜎𝜎 𝑖𝑖

𝐽𝐽 = ∑ 𝐽𝐽𝑖𝑖

Select faulted node
using WLS criterion

max��𝑉𝑉𝑛𝑛

𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
�𝑉𝑉𝑖𝑖,𝑝𝑝𝑝𝑝𝑝𝑝
�−�𝑉𝑉𝑖𝑖,𝑝𝑝𝑝𝑝𝑝𝑝
�

The J index is the summation of 𝐽𝐽𝑖𝑖 :

N

Simulate fault cases

(𝑘𝑘)

N is the total number of nodes.

D. Estimation of applicability
The 𝐽𝐽�𝑋𝑋��detection test from [13] is applied to estimate the
condition of data, i.e. if the number and accuracy of voltage
measurements are good enough for a reliable output.

Generate list of
fault cases

𝑉𝑉𝑛𝑛

𝜀𝜀 is the threshold for change in node voltage.

(𝑘𝑘)

= 𝑉𝑉𝑚𝑚

(𝑘𝑘−1)

− 𝑉𝑉𝑛𝑛

(𝑘𝑘)

− 𝑍𝑍𝑏𝑏_𝑖𝑖 ∙ 𝐼𝐼𝑏𝑏_𝑖𝑖

�� < 𝜀𝜀, n=1,…,N

(4)
(5)
(6)
(7)

k is the number of iteration;
(𝑘𝑘)

𝐼𝐼𝑗𝑗 _𝑛𝑛 is the injection current at node n;

𝑍𝑍𝐿𝐿_𝑛𝑛 is the three phase load impedance matrix at node n;
(𝑘𝑘)

𝑉𝑉𝑛𝑛 is the node voltage of the down-stream node of
branch i;

𝑘𝑘
𝐼𝐼𝑏𝑏_𝑖𝑖
is the branch current of branch i, which flows from
node m to node n;
(𝑘𝑘)

𝐼𝐼𝑏𝑏_𝑝𝑝 is the branch current of branch p, which flows out
from node n;
𝑍𝑍𝑏𝑏_𝑖𝑖 is the three phase line impedance matrix for branch i;

√𝐽𝐽 −𝑚𝑚
√2𝑚𝑚

(10)

where m is the number of redundant measurements. For
the proposed algorithm, load flow calculation relies only on
voltage and current phasors at feeder roots, m is the total
number of voltage measurements.
The value of 𝐽𝐽𝑖𝑖 s and RI reveal the condition of data. Large
value of individual 𝐽𝐽𝑖𝑖 indicates that data from measurement i is
very likely to be bad data and should be eliminated; Large
value of RI indicates that either the number of measurements
are not enough for a reliable output, or bad data exists, or
sever error exists in system model, such as wrong topology or
load information.
𝐽𝐽𝑖𝑖 and RI are used as double criteria. If 𝐽𝐽𝑖𝑖 ≤ 25 stands for
all 𝐽𝐽𝑖𝑖 s, and if 𝑅𝑅𝑅𝑅 < 3 , the data condition is considered as
acceptable, and the program will proceed to fault simulation.
If for one or two 𝐽𝐽𝑖𝑖 > 25 , data from the corresponding
measurements will be eliminated and RI will be recalculated.
If the criteria can not be met by eliminating bad data, the
program is be considered not applicable under the current data
condition.
E. Fault-case simulation
A list of fault cases is generated according to the affected
area. All nodes within the affected area are considered as a
suspect faulted node. Fault-case simulation is executed for
each cases, and the calculated value of node voltage
magnitudes at nodes with voltage measurements are recorded.
The algorithm for fault case simulation is similar to prefault load flow algorithm. Fault is considered as a special load
connected to the faulted node, as is shown is Fig.2. The total
injection current is the summation of fault current and load
current.

Root
node
c
b

j

k

m

a
[Zl]

Other
section
lines

For each analyzed node, the during-fault magnitude
deviation between measured and calculated voltage sags is
computed:

[Zl]

𝑗𝑗

where
Raf

Rbf

Ifa

Load1

Rcf

Ifb

Ifc

Figure 2. Current injection from a fault at node m [12]

k;
The equivalent impedance of the fault is not of interest.
The fault current is calculated at the end of each iteration and
added as current injection caused by fault at the faulted node
using (11) and (12):

𝑑𝑑𝑑𝑑 ,(𝑘𝑘)
𝐼𝐼𝑗𝑗 _𝑛𝑛

where
𝐼𝐼𝑓𝑓

(𝑘𝑘)

+ 𝐼𝐼𝑓𝑓

(𝑘𝑘)

)

𝑑𝑑𝑑𝑑 ,𝑐𝑐𝑐𝑐𝑐𝑐
𝐼𝐼𝑟𝑟𝑟𝑟

𝑑𝑑𝑑𝑑 ,(𝑘𝑘)
𝐼𝐼𝑗𝑗 _𝑛𝑛
𝑑𝑑𝑑𝑑 ,(𝑘𝑘)

(12)

m is the total number of voltage measurements;
np is the total number of fault cases simulated.
The weighted-deviation is calculated as
𝑗𝑗

2
𝛾𝛾𝑗𝑗 = ∑𝑚𝑚
𝑘𝑘=1(𝛿𝛿𝑘𝑘 /𝜎𝜎𝑘𝑘 )

is the calculated current at feeder root;

is the injection current at faulted node n;
is the injection current from load connected to n.

The flow chart for fault case simulation is shown in Fig.3.
Get fault case
Get during-fault V and I from feeder rooot

(14)

The faulted node is the one with the smallest value of 𝛾𝛾𝑗𝑗 .
𝑛𝑛𝑓𝑓 = 𝑗𝑗 | 𝛾𝛾𝑗𝑗 = min{𝛾𝛾𝑠𝑠 } , 𝑠𝑠 = 1, … 𝑛𝑛𝑛𝑛

is the current measured at feeder root;

(15)

G. Description of error-impact reduction
The algorithm is capable of minimizing the impact of
offset error and random error.
The offset error is removed by the calculation of voltage
sags—offset from pre-fault and during fault data cancels out
in subtraction.
As the selection of faulted node relies on the weighteddeviations, the contribution of data from less accurate
measurements is reduced in proportion with the variance of
the random error, which means that data more likely to have
high random error has a lower impact on the result.
The proportional error is not considered in the proposed
algorithm.

Initial node voltage with V and
calculate injection current

IV.

Do backward-sweeping to update
branch current
Do forward-sweeping to update
node voltage
Update fault current

∆𝑉𝑉𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is the three-phase voltage sags measured at node

(11)

is fault current;

𝑑𝑑𝑑𝑑 ,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝐼𝐼𝑟𝑟𝑟𝑟

𝐼𝐼𝑗𝑗 _𝑛𝑛𝑛𝑛

=

𝑑𝑑𝑑𝑑 ,(𝑘𝑘)
𝐼𝐼𝑗𝑗 _𝑛𝑛𝑛𝑛

𝑑𝑑𝑑𝑑 ,𝑐𝑐𝑐𝑐𝑐𝑐

− 𝐼𝐼𝑟𝑟𝑟𝑟

(13)

𝑗𝑗 ,𝑐𝑐𝑐𝑐𝑐𝑐

Ifa + Ifb + Ifc

𝑑𝑑𝑑𝑑 ,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

− ∆𝑉𝑉𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 �, k = 1, … m, j = 1, … np

is the difference in three-phase pre-fault and
∆𝑉𝑉𝑘𝑘
during-fault voltage magnitudes (voltage sags) calculated at
node k considering node j as the faulted node;

Load2

Rf

𝐼𝐼𝑓𝑓 (𝑘𝑘) = 𝐼𝐼𝑓𝑓 (𝑘𝑘−1) + (𝐼𝐼𝑟𝑟𝑟𝑟

𝑗𝑗 ,𝑐𝑐𝑐𝑐𝑐𝑐

𝛿𝛿𝑘𝑘 = �∆𝑉𝑉𝑘𝑘

N

SIMULATION RESULTS

A. Description of test system
A 13.8 kV, 134-node, overhead three-phase primary
distribution feeder is used as the test system. Fig.4 shows the
topology of the feeder.
Root voltage and current are recorded at node 1.

Voltage values
converged?

Four voltage measurements are placed in the system, at
node 30, 48, 103 and 118 respectively. They are marked as
measurement 1- 4 respectively.

Y
Record voltage from measuring-nodes
end

Figure 3. Flow chart

F. Faulted node selection
The likely fault location is selected taking into account all
analyzed nodes during the fault location process. Weighteddeviation is used for locating the fault.

Both the algorithm reported in [12] and the algorithm
proposed in this paper are implemented and the results are
compared.

bad data elimination is less than 3, and the program continues
with data from measurement 1, 3 and 4.
𝐽𝐽𝑖𝑖 AND RI

TABLE II.
𝑱𝑱𝒊𝒊

0.1213
398.7
0.1374
0.1151

Before data removal:
7.027
After data removal:
0.6638

The faulted node selected by the proposed algorithm after
bad data elimination is node 36. The proposed algorithm
selected the right node again.

Figure 4. Test system

B. Case study
Case 1: perfect condition

Case 3: Data with errors
TABLE III.

In this case, the field-recorded data are not contaminated
by errors. Fault scenarios are listed in Table 1.
TABLE I.

RI

FAULT SCENARIOS FOR CASE 1

Faulted node

LIST OF DATA CONDITION AND RESULT
𝝈𝝈𝒊𝒊

Measurements

Correct times

1, 2, 3, 4

0.01, 0.01, 0.01, 0.01

10

1, 2, 3, 4

0.01, 0.1, 0.01, 0.01

10

1, 2, 3

0.01, 0.01, 0.01

10

1, 3, 4

0.01, 0.1, 0.01

8

Fault resistance (Ω)

Fault type

17, 36, 42, 107

A-G

1

63, 90

A-G

10

5, 77

A-B-C

5

86

A-B

1

A-G fault at node 36 is simulated. Errors with density
function of (3) is generated according to σi of the
measurement and added to the true value of the measured prefault and during-fault quantities. Four data conditions are
designed and ten sets of data are generated and fed to fault
location program for each data condition. Data condition and
the times that the fault location program provides correct
output are listed in Table 3.

0.175
0.1745
0.174
0.1735
0.173
0.1725
0.172
0.1715

The outputs for the two cases where the selected node is
wrong are 39 and 33.

0.171
30

35

40

45

50

Figure 5. Nodes with smallest 𝛾𝛾𝑗𝑗

Both the algorithm reported in [12] and the proposed
algorithm give correct result for all scenarios. Fig.5 shows the
smallest γj calculated for fault occurring at node 36.

It appears that with four voltage measurements, the
program can tolerate much more inaccurate data. When one
measurement is removed, and especially when the one close to
faulted node is removed, the performance is not as good as
before.
V.

Case 2: Bad data

A-G fault at node 36 is simulated, but pre-fault and duringfault voltage magnitude recorded by measurement 2 are added
with errors of 20% and 15%. Variances of random error σi for
all voltage measurements are 0.01.

CONCLUSION

A model-based fault location algorithm for radial
distribution systems is proposed in this paper. The proposed
algorithm use voltage magnitudes from the sparse voltage
measurements installed in distribution systems. The following
are major contributions of this paper:

The faulted node selected by the algorithm proposed in
[12] is node 48, which is incorrect.

•

Stochastic analysis is introduced in the algorithm to
reduce the impact of data error on the output.

𝐽𝐽𝑖𝑖 and RI calculated by the proposed algorithm are listed in
Table 2. 𝐽𝐽2 is very large, indicating that data from
measurement 2 are bad data and should be eliminated. RI after

•

The algorithm is capable of assessing the measurement
applicability, detecting bad data and adjusting the

contribution of field-recorded data from different
measurements according to the accuracy of
measurements.
•

Simulation results show that the performance of the
proposed algorithm is capable of handling is insufficient
and/ or inaccurate data, which is common problem in
distribution systems.

[6]

[7]
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