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This paper presents an adaptive transmission line fault location method, which incorpo-
rates fault location devices at both line ends and utilises data import from a supervisory con-
trol and data acquisition system without strictly requiring data synchronisation. The devel-
oped method aims at achieving a higher degree of robustness, adaptiveness and accuracy. The 
adaptiveness is achieved by dynamic updating of mathematical models used on the basis of 
network-wide information, such as data on the state of circuit-breakers and apparent power at 
load and generation nodes. The robustness and accuracy are enhanced by incorporating two 
stages of identification of model parameters with the goal of reducing the decision variable 
space for the stage identifying fault parameters. Furthermore, in addition to utilisation of all 
measurements available at a particular substation, the developed method partially employs 
the measurements from the other end of the line by means of result cross-checks, but does 
not require a full data set, unlike deterministic-model-based methods. An optimisation-based 
approach, redundancy on the basis of extended measurement set, and cross-checks reduce the 
risk of fault location errors due to measurement errors or “voids” in the data available. Testing 
of the developed method demonstrates its accuracy and robustness in a wide range of pre-fault 
and fault regime scenarios, even when considering various pre-fault contingencies.
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1. INTRODUCTION

Research has led to the development 
of various fault location (FL) techniques 
for high-voltage (HV) overhead transmis-
sion lines (OHTLs). First, one-terminal-
measurement-based (OTMB) methods with 
fault loop impedance measurements were 
developed [1]. The improved digital device 
adaptation of this approach [2] is still in 
use in parts of the Baltic power systems. In 
contrast to the developed one, these meth-
ods are simpler and easier to implement, 
but they sometimes prove inaccurate due to 
the reactance effect [3], [4]. Additionally, 
if mismatching results of such FL devices 
from both substations are used, it requires 
experienced personnel to determine the cor-
rect fault location, which is avoided by the 
developed method. 

Introduction of communication net-
works between different substations made 
measurements from both terminals avail-
able for use with corresponding fault point 
voltage equations to directly calculate the 
fault distance at once. One of these two-ter-
minal-measurement-based (TTMB) meth-
ods utilises negative-sequence (NS) current 
and voltage phasors obtained at both line 
terminals [2], a different one uses both the 
positive-sequence (PS) and NS phasors [5]. 
TTMB methods are easy to implement and 
in most cases, they are more accurate than 
OTMB methods because they negate the 
reactance effect. The two equations of the 
voltage at the fault point are sometimes kept 
separate and optimisation is used to mini-
mise the difference of the results obtained 
from them [6]–[8]. Both approaches are 
dependent on precise synchronisation of 
measurements during the fault and the 
reliability of the communication network. 
Falling trees, with a high probability, can 

damage not only the power line but also the 
communication cable attached to it, making 
such FL designs less reliable compared to 
the presented method. A method similar to 
[6]–[8], which also estimates the shift angle 
of unsynchronised measurements, has been 
proposed in [9]. This method can poten-
tially avoid the problem of measurement 
synchronisation, but there is a risk that the 
estimated angle will be shifted by one or 
more periods, which could introduce errors 
if the fault path resistance is not stationary 
(e.g., faults caused by fallen trees, espe-
cially pines and similar trees).

Wide interest has also been devoted 
to the travelling-wave (TW) FL methods. 
Most TW methods determine the fault dis-
tance by either measuring the time required 
for the transient fault wave with a known 
wave propagation velocity to reflect from 
the fault location [10], [11] or the differ-
ence between the wave arrival times at both 
substations. TW methods are considered 
accurate but they require good correlators 
to recognise the actual fault wave and avoid 
errors caused by wave distortions due to 
irregularities of the power system or wave 
decay [12], [13]. Methods that apply an 
optimisation with measurements of fault 
transients have been proposed for FL as 
well [7], [14]; however, these methods, 
as well as the original-type TW methods, 
require a high sampling frequency result-
ing in more expensive devices, which is not 
required for the developed method.

A different group of methods is based 
on artificial neural networks (ANNs) [15]–
[17]. ANNs provide an opportunity for per-
forming different functions simultaneously, 
such as identification of the fault type and 
fault location, with a satisfactory accuracy. 
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These methods are promising [18] but they 
require an extensive training database and 
can be complicated to implement. A similar 
OTMB method using the k-nearest neigh-
bour technique [19], which only uses volt-
age signal measurements, obtains the har-
monic spectrum of this signal, and then uses 
a database of similarly processed record-
ings to recognise the fault location. This 
allows avoiding problems associated with 
communication networks and potential cur-
rent transformer saturation; however, this 
method requires a high sampling frequency 
and a sufficient database of fault recordings. 
In comparison to these methods, the devel-
oped method only requires basic network 
data and periodic updates on the network 
structure and the power generated and con-
sumed at the modelled nodes.

A FL method based on Monte-Carlo 
optimisation is also known [20]. This 
OTMB method replaces the unknown 
impedance of the remote-end power sys-
tem with a probability distribution of its 
values and filters out solution variants that 
imply reactive power consumption at the 
fault location. This approach can be easily 
adapted to different fault types and retains 
a satisfactory accuracy even in cases when 
line-specific parameters vary, but it has a 
very high computation cost and papers that 
present this method do not consider com-
plex line configurations.

This paper presents a future study 
on the parameter-estimation-based FL 
method [13]. The goal of this research is 
to make the previously developed method 
more adaptive, robust and accurate, first, 
by introducing automatic updates of the 
models, corresponding measurement data 
sets, and model outputs used, and by addi-
tional estimation of sequence impedances 
of the equivalent power system when net-

work simplifications are employed. These 
improvements provide an ability to reflect 
changes of network topology due to dis-
connections of network elements prior to a 
fault not only in the exactly modelled part 
of the network, but also in network parts 
represented by an equivalent power sys-
tem. Dynamic model updates are made on 
the basis of data from a supervisory control 
and data acquisition (SCADA) system. This 
includes the state of circuit breakers (CBs) 
to make the model graph match the actual 
system in exactly the modelled part, and 
apparent power at the connection nodes of 
modelled equivalent generation and load is 
also fetched from SCADA. Apparent pow-
ers are used directly in the model utilised 
by the first parameter estimation stage and 
later to determine generator electromotive 
forces (EMFs) and to calculate equiva-
lent impedances representing loads for the 
model used by the second estimation stage. 
Furthermore, one extended model consider-
ing faults at any transmission line in a pre-
cisely modelled network part can now be 
used for several substations. None of the 
data requested from a SCADA system have 
strict requirements regarding synchronisa-
tion or transfer speed. Secondly, a further 
improvement is achieved by performing 
cross-checks of results obtained by individ-
ual FL devices at both ends of the faulted 
line before the selection of the best solution 
variant. The case study, which considers not 
only changes in network topology prior to 
a fault but also different pre-fault and fault 
scenario combinations, demonstrates the 
capabilities of the developed method.

Section 2 presents the new adaptive fea-
tures and the methodology applied. Section 
3 describes the case study network and dis-
cusses the obtained results. Finally, conclu-
sions are provided. 
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2. AN ADAPTIVE FAULT LOCATION BASED ON TWO STAGES OF 
SYSTEM MODEL PARAMETER ESTIMATION

2.1. New Adaptive Features of the Developed Method

In order to overcome limitations 
imposed by the incomplete scope of infor-
mation available to an OTMB FL device, 
and to make the developed FL method 
more adaptive while avoiding a require-
ment for exchanging precisely synchro-
nised data, several options are chosen.

First, an ability to adapt models 
used for the two estimation stages prior 
to a fault is integrated in the developed 
method utilising indications of states of 
CBs from a SCADA system and element 
IDs assigned to each branch and at least 
part of the nodes of the equivalent circuits 
used. When disconnections of network 
elements split a model of a pre-fault state, 
the network parts that do not include 
FL devices controlling a faulted line are 
removed from the updated versions uti-
lised for both pre-fault and fault state 
models to save computation time. While 
the accuracy of many existing FL meth-
ods is unaffected (e.g., TTMB methods 
[6]–[9],) or can even potentially improve 
(e.g., simple OTMB methods [1], [2]) in 
case of such pre-fault contingencies, the 
accuracy of methods such as those using 
ANNs, if the training database used does 
not include faults after contingencies, or 
those estimating the impedance of the 
equivalent power system as connected at 
the end of the line [20], if the other end of 
the line were to be disconnected, may be 
degraded.

Second, the developed method also 
requires the apparent powers of genera-
tors and loads available for correspond-
ing nodes in both of the models used. 

These can be estimated [13], if necessary, 
but that increases the computation cost 
and the risk of errors, so measured data 
will be welcomed. In the pre-fault state 
model used by the first estimation stage, 
all of these apparent powers are included 
as power demand or injections at their 
respective nodes based on element IDs 
and node types (demand, power losses, 
constant power generation, generation 
with the possibility of power balancing). 
The only exception is when a pre-fault 
contingency breaks a link between a net-
work part including relevant FL devices 
and an equivalent power system. In this 
case, if there is at least one source capa-
ble of balancing power in the remaining 
network part, one of the said sources is 
modelled as a constant EMF (balancing) 
source while others will remain as power 
injections. In order to achieve this, the 
model of the pre-fault state was changed 
from the one used previously [13] to one 
that operates with phase-to-earth voltages 
and employs earth as the base node of 
an equivalent circuit. The apparent pow-
ers of demand and generator nodes are 
also used for the model of the fault state, 
where equivalent load impedances are 
updated and generator powers are used to 
estimate generator EMFs at the moment 
of fault occurrence. The described model 
updates using SCADA data take place 
periodically before the occurrence of a 
fault, making both models updated near 
real time but without a strict synchronisa-
tion requirement for data exchange.
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2.2. Estimation of Unknown Model Parameters

Both estimation stages are defined as 
optimisation tasks, which minimises the 
difference between the measurements from 
the controlled substation and the corre-
sponding outputs of a mathematical model 
of the power system. The overall goal for 
both estimation stages is to determine their 
respective unknown model parameters 
with the best possible accuracy and within 
reasonable computation time. However, a 
strict limit of a maximum error of 5  % is 
only applied to the fault distance estimate, 
as estimation of other parameters is of sec-
ondary importance.

The first estimation stage is active 
before a fault occurs. and its purpose is to 
reduce the number of unknown parameters 
for the second estimation stage by deter-
mining the PS impedance of an equivalent 
power system, if such a simplification is 
used. As the NS current circulation paths 
coincide with PS ones, an estimate of a PS 
impedance also allows greatly limiting the 
expected values of an NS impedance. This 
is possible because the main reason for 
their difference is the dissimilarity between 
PS and NS impedances of rotating electric 
machines, which are well defined [21]. This 

stage uses phasors of the calculation phase 
obtained from processed measurement 
recordings of substation bus voltages and 
currents as well as power flows from all the 
branches connected to the substation buses. 

These values are automatically com-
pared to the corresponding outputs of a 
mathematical model of a pre-fault state. 
Next, a “difference” value, Δ, is calculated, 
which is utilised here as a conceptual rep-
resentation of the actual objective function 
fOBJ (Subsection 2.3). When the conver-
gence criteria are met for the optimisation 
at both ends of the faulted line, the obtained 
solution variants are exchanged between 
FL devices for a cross-check (Subsection 
2.3) before the selection of a final estimate. 
The PS impedance obtained is then used to 
update the pre-fault state model utilised to 
estimate generator EMFs. Next, the esti-
mated PS impedance of an equivalent power 
system and generator EMFs are updated in 
the fault state model. At the same time, the 
PS impedance is used to set limits to poten-
tial values of the modulus and the X / R ratio 
of the NS impedance of the power system 
for the second estimation stage:

	  (1)

where  – the estimated PS impedance of an equivalent power system, Ω;  – the NS 
impedance of an equivalent power system, Ω; , , ,  – the active and reactive 
components of  and , respectively, Ω.

The limits (1) are introduced by consid-
ering several factors. Firstly, on average for 
different generators, moduli of  constitute 
approximately 10  %–20  % of moduli  
and ratios  constitute 2 %–13 % of 

 at steady-state conditions [21]. Sec-

ondly, the difference between PS and NS 
impedances is assumed lower than that for 
generators, considering that there should be 
a substantial number of connecting elements 
between remote generators and the busbars 
of an equivalent power system for one to 
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employ such a simplification. Thirdly, the 
limits are then slightly extended by 2 % and 
2 p.u. to account for potential errors of the 
estimated  and  values.

As can be seen, the first estimation stage 
both removes one decision variable for the 
estimation of fault state parameters and 
limits the search space for a second one, 
thus improving the robustness and accu-
racy of the developed method. Addition of 
this stage does increase the total computa-
tion cost; however, this is partially offset 
by the reduced search space for the second 
stage and it does not increase the FL time 
as the first stage is active only before a fault 
occurs.

The second estimation stage is activated 
when a fault is cleared and measurement 
signals have been processed by removing 
the free decaying component (DC offset) 
and extracting phasors of the fundamental 
frequency [22] from the first full cycle. This 
part of signal recordings is chosen to mini-
mise the possible differences between the 
values of EMFs used in a fault state model 
and actual EMFs due to potential electro-
mechanical transients. The second estima-
tion stage is tasked with estimation of fault 
distance α, equivalent fault path resistance 
RF, NS, and zero-sequence (ZS) impedance 
of an equivalent power system . For 
calculating the objective function, the fol-
lowing phasors and values are determined 
and used separately by FL devices at both 

ends of a faulted OHTL:
•	 The phase voltages of busbars at the sub-

station where the FL device is installed, 
and symmetrical components of the cal-
culation phase derived from them;

•	 Phase currents for each branch con-
nected to the substation and symmetrical 
components of the calculation phase cur-
rents derived from them;

•	 The symmetrical components of the cal-
culation phase apparent power for each 
branch connected to the substation;

•	 The fault distance that would be analyti-
cally calculated by an existing OTMB 
FL method.

All of the phasors obtained from each 
of the branches that are connected to the 
substation are automatically arranged in a 
vector using an updated “relay” terminal 
(FL device) and element IDs. Thus, both 
the set of the measurement phasors and 
the results of the steady-state simulations 
automatically retain correct order and 
match an up-to-date pre-fault network 
topology. The fault distance estimate 
included as one of the measurements uses 
apparent reactance for a distance calcu-
lation and is implemented in an existing 
relay terminal [2]. For phase-to-earth 
faults in parallel OHTL, this distance is 
calculated according to the following 
equation:

 (2)

where  – the fault distance, p.u.;  and  – the faulted phase voltage and current of the 
faulted line, V and A;  and  – the ZS currents of the faulted line and the healthy paral-
lel line, A;  – the PS impedance of a one-kilometre-long section of the faulted line, 
Ω;  – a ZS compensation coefficient, p.u.;  – the ZS mutual induction compensation 
coefficient (the ratio between the impedance of ZS mutual induction between both lines and 
the PS impedance of the faulted line), p.u.
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When other fault types are considered, 
a similar OTMB FL formula would be used 

instead.

Fig. 1. The flowchart of the developed method.

When the convergence criteria of the 
optimisation for the second stage are met, 
a more rigorous cross-check is performed 
using the solution variants generated by 
FL devices at both ends of the line before 
selecting the most fitting solution overall. 
Finally, the value of α is extracted from the 
obtained group of decision variable values. 
The described framework using two stages 
of model parameter estimation with their 

respective solution cross-checks is pre-
sented as a flowchart below (Fig. 1). In the 
figure, X1, X2 represent decision variable 
vectors for the first and second “relay” ter-
minal, respectively, which together provide 
a PS impedance of an equivalent power 
system, . X1F, X2F are decision vari-
able vectors for the second (fault state) esti-
mation stage. As can be seen in Fig. 1, an 
alternative version of the developed method 
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is also considered in this study. It utilises 
additional measurements of apparent power 
flowing from an equivalent power system to 
its busbars for both estimation stages. The 
alternative version is analysed as a potential 
solution for rare cases where errors of esti-
mated power system equivalent impedance 
might impact the overall FL accuracy and in 
order to see how much the additional mea-
surement data affect the parameter estima-
tion accuracy. However, it is still expected 
of the developed method to provide fault 
distance estimates with the aforementioned 
5 % tolerance limit in all conceivable oper-
ational scenarios even without apparent 
power measurements added. Regardless 
of utilisation of the additional measure-

ment data used for the model, updates and 
cross-checks do not require high-speed or 
synchronised communication channels 
between relay terminals at both ends of the 
faulted line. As a result, the FL in these ter-
minals operate practically independently, 
except for cross-checking the obtained 
results.

Employing an optimisation, using mea-
surements available from all the branches 
connected to a particular substation and in-
tegrating limited communication between 
FL devices and the SCADA system, the de-
veloped method can provide accurate fault 
distance estimates while avoiding depen-
dence on the exchange of high-speed, syn-
chronised measurement data.

2.3. The Optimisation Techniques and Cross-Checks Employed

An optimisation is utilised to determine 
the unknown parameters of a mathematical 
model by minimising the difference, Δ, be-
tween phasors obtained from measurement 
data and those calculated by using updated 

models of the considered network part. The 
actual objective function is calculated as the 
sum of squared relative errors of the real 
and imaginary part of each phasor separate-
ly. Thus, the optimisation task is defined as

	  (3)

where KWi – the weight coefficient of the i-th measured parameter; NMEA – the number of 
measurements used for the estimation process; yi – the phasor value of the i-th measured 
parameter; ymi – the phasor of the corresponding model output of the i-th parameter.

If the modulus of a phasor obtained 
from measurements is  = 0, the relative 
difference is determined by using  as a 
base in (3). Optimisation as shown in (3) is 
applied for both estimation stages with deci-
sion variables being ;  for 

the first stage and α; RF; ; ; 
;  for the second stage, 

respectively. During the first estimation 
stage, the optimisation has to adhere to the 
following limits:

 (4)

 (5)

 (6)
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and during the second stage, the limits applied are as follows:

 (7)

 (8)

 (9)

 (10)

 (11)

 (12)

where ,  and  – the PS, NS and ZS impedances of an equivalent power 
system at nominal operation conditions, Ω;  – the steady-state voltage calculated at node 
j of the pre-fault model, kV;  – the nominal voltage at node j of the pre-fault model, kV; 

 – the number of nodes in the pre-fault model.

Limits (4), (9) and (11) are chosen 
assuming that the most notable possible 
changes in these impedance values, besides 
the loss of a link with an equivalent power 
system, will be due to connection or discon-
nection of one of two parallel elements. The 
loose limit (6) is adopted so that testing of 
the developed method may include even 
hardly possible post-contingency operation 
conditions.

Minimisation (3) is achieved with the 
help of a version of the genetic algorithm 
(GA). The GA is a versatile optimisation 
tool and it has been shown to be useful in 
similar technical tasks with several different 
types of GA operators and GA algorithm 
structures known [7], [23]–[25]. This study 
uses a modified version of the GA applied 
in [13]; therefore, only the differences intro-
duced with these modifications will be dis-
cussed here. The most notable changes to the 
GA used are to be found in the convergence 
criteria. In addition to a base requirement of 
minimum generation count minNGEN there 
are now three convergence criteria combi-
nations that lead to the end of the main GA 
cycle. The first one remains as in [13] and 
requires the relative difference between the 

mean and minimum values of fitness or 
objective function EPS and the maximum 
Hamming distance to fall below certain 
thresholds TH1 and TH2 (20 % and 5 % for 
the first stage). The second option requires 
a number of stagnating generations to reach 
a set limit. The stagnation is recorded when 
the change in EPS between generations is 
smaller than TH2 and the change in a mini-
mum value of fitness between generations 
is smaller than a different stagnation upper 
limit. Thus, if no progress is achieved, the 
GA cycle is stopped to save computation 
time. The third group of criteria requires for 
the mean and minimum values of the last 
population fitness to be equal and lower 
than the minimum fitness value obtained 
from the initial group of solutions gener-
ated randomly before the beginning of the 
main GA cycle. The first estimation stage 
testing showed high tolerance, therefore, 
most of the performance balancing for it 
is aimed at computation time reduction as 
indicated by the addition of the second and 
third convergence criteria groups. Further-
more, the population size and the number 
of population members chosen via the elite 
selection approach [13] for this stage have 
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been reduced to 16 and increased to 75 %, 
respectively. The step values for the estima-
tion of unknown parameters are set to 0.01 
Ω for  and 0.1 p.u. for the  
ratio, respectively. 

Due to the accuracy observed, a rela-
tively simple cross-check is applied for this 
stage to balance any unlikely errors incurred 

by a FL device at one of the line ends. After 
exchanging only the single best solution 
variants and the corresponding values of the 
objective function, each FL device calcu-
lates the value of the objective function for 
a solution provided by the other device. The 
relative total objective function (fitness) 
value is then calculated for each solution:

 (13)

where  – the relative total fitness value of a particular solution variant;  and 
 – the fitness values calculated by the first and second FL device using the particular 

solution variant;  and  – the fitness values for the best solutions in the last 
population of the GA from the first and the second FL device, respectively.

The solution variant with the lowest  
 value is chosen or mean values 

from both solution variants are calculated 
if both decision variable vectors (solutions) 
have identical  values.

The second estimation stage utilises 
the same GA version, but with more strin-
gent settings for convergence criteria. The 
balancing towards higher accuracy at the 
expense of an additional computational bur-
den is chosen due to the importance of cor-
rect distance estimation and other factors. 
The stagnating generation is registered if the 
change in the EPS between generations is 
lower than one-tenth of TH2. Additionally, 
here the third group of criteria is applied if 
the mean and minimum fitness values are 
less than one-tenth of the smallest fitness 
value calculated for the initial randomly 
generated solution group. The accuracy is 
further increased by using 20 population 
members and elite selection of only 50 % 
of new members. The maximum thresh-
old value of the EPS for the first group of 
convergence criteria is set to 0.5 % and the 
maximum Hamming distance to 5 %. At the 
same time, the size of the initially generated 
group of random solutions is set to 5000 in 
contrast to 1000 for the first stage. 

The step values used for the estima-
tion of unknown fault-state model param-
eters are 0.001 p.u. and 0.1 p.u. for α and 

,  ratios, and 0.01  Ω 
for RF, , , respectively. When 
the GA has converged for both FL devices, 
they exchange their last populations (solu-
tion groups). The maximum and minimum 
values for each decision variable are deter-
mined from all of these solutions. Next, 
a test group of solution variants is gener-
ated by combining pairs of α and RF values 
with groups of , , , 

 values from the top 10 solu-
tions provided by each FL device. Then, 
the test group is extended with a large num-
ber of randomly generated solutions within 
the previously determined minimum and 
maximum values. The resulting test group 
is then sent to both FL devices, which cal-
culate their objective function values. The 
final solution is the one with the lowest total 
relative objective function value calculated 
according to (13).

As shown by Section 2, the developed 
method can be described as an optimisa-
tion-based recognition of the most likely 
model parameters utilising measurement 
data. However, in contrast to other recogni-
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tion-based methods [15]–[19], the reference 
used is an adaptive mathematical model 
rather than a set of prior measurement data 
or simulation results. Furthermore, in con-
trast to OTMB methods, be they analyti-
cal [2] or probabilistic [20], the developed 
method models a wider extent of the neigh-

bouring network and utilises measurements 
from all the branches connected to the sub-
station. These differences together with the 
cross-checks introduced in the developed 
method reduce the risk of FL errors due to 
errors or insensitivity of measurements at 
any of the two substations.

3. THE CASE STUDY

3.1. The Case Study Power System

The power system used for studying the 
operation of the developed FL is presented 
in Fig.  2. Network sections controlled by 
relay terminals with the developed FL are 
shown in blue rectangles. Designations for 
the modelled OHTL faults are included as 
well. Detailed information about the net-

work elements is provided in [13]. Four 
base scenario groups will be analysed with 
and without utilisation of the additional 
measurements of apparent power from the 
equivalent power system S and one sce-
nario group, where the power system is dis-
connected from the analysed network.

Fig. 2. The case study network.
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The scenario groups consider phase-to-
earth faults in an OHTL occurring while one 
or two other lines are out of service (Table 11). 
The scenario IDs consist of, first, the fault ID 
and then, the IDs of the lines (according to 

Fig. 2.) considered offline before the fault. The 
table also shows the maximum number of mea-
surement phasors available for the developed 
FL from both ends of the line, if the additional 
apparent power measurements are not used.

Table 1. Scenarios Modelled in the Case Study

Scenario ID F1L3 F6L5L6 F5L3L4 F7L2 F7L1
ID of the faulted line L5 L11 L2 L12 L12
IDs of the disconnected lines L3 L5 and L6 L3 and L4 L2 L1
Available measurement phasors during the pre-fault state 11 9 9 9 9
Available measurement phasors during the fault state 52 43 43 43 43

For each group of scenarios, 1000 ran-
domised scenarios are generated. In these 
scenarios, the active power is randomly 
assigned to load and generation nodes 
within the limits of 0 %–120 %. The lim-
its applied to the assignment of the reac-
tive power are the same in case of loads but 
for generators it is −120 %–120 %. When 
generating random pre-fault and fault state 
scenarios, restrictions (4)–(12) are applied 
as well. In cases when the connection with 
the equivalent power system is lost and the 
analysed network part has a power supply 

deficit, the upper limits of the randomly 
assigned active and reactive power of loads 
are set so that the remaining load together 
with nominal network losses should con-
stitute 99 % of the power of the remaining 
source capacity. After a possible pre-fault 
state has been obtained, α and RF are ran-
domly selected, and a steady-state simula-
tion of a fault state is performed. The results 
of the simulations are then utilised for FL 
by the developed method as well as by one 
existing OTMB method and one TTMB 
method [2] for performance comparisons.

3.2. Results and Discussion

The testing results for the defined sce-
nario groups are assembled in Table 2. The 
table provides both maximum and mean val-
ues of the error moduli of estimates of the 
equivalent power system sequence imped-
ances (moduli and X / R ratios) for each group 
of scenarios. The same values are provided 
for the number of generations NGEN neces-
sary for the convergence of the GA during 
the second stage of parameter identification, 
as it would determine the FL computation 
time after a fault is cleared. For fault distance 
α and equivalent fault path resistance RF, the 
value of two standard deviations is calculated 
from the moduli of the sub-scenario errors 
as well. Combined with the mean value, it 
shows the approximate upper limit of errors 

to be expected in 95 % of cases. “α REDI1” 
and “α REDI2” in Table 2 stand for the fault 
distances calculated by OTMB and TTMB 
FL algorithms implemented in an existing 
relay terminal [2].  

The results in Table 2 demonstrate the 
high tolerance of the first estimation stage 
with only a few cases where the X1 / R1 ratio 
estimation errors approached or exceeded 
10 % and show that utilisation of additional 
measurements would yield little improve-
ment in accuracy for this estimation stage. 
The observed accuracy can be explained by 
a low number of decision variables and a 
sufficient sensitivity of measurement groups 
to changes in the system PS impedance val-
ues. The results for the second estimation 
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stage show larger errors for estimates of NS 
and even larger ones for ZS impedances 
with occasional maximum errors exceeding 
20 % and 50 % for |Z0

S| and X0  / R0. How-
ever, the mean errors of the moduli of both 
impedances remain within 5  % for almost 
all the scenario groups. Furthermore, X / R 
ratio estimation errors have a noteworthy 
impact on impedance only when an actual X 
/ R ratio value is small due to the use of the 
tangent function with limited accuracy. The 
lower tolerance in the NS and ZS impedance 
estimates can be attributed to a three times 
larger number of decision variables com-
pared to the first stage and a higher sensitiv-
ity of measurements to α and RF compared 
to the system sequence impedances. The 
fact that NS impedance estimates are more 
accurate than ZS ones indicates the positive 
impact of the search space limitation intro-
duced based on the similarities between NS 

and PS networks. A comparison between the 
results with and without utilisation of the 
additional power flow measurements shows 
the ability of these measurements to increase 
estimation accuracy for the system sequence 
impedances by offsetting the relative lack of 
sensitivity of the measurement sets, espe-
cially to the ZS impedance.

The results of estimating fault path resis-
tance RF demonstrate that this parameter 
can be estimated with sufficient accuracy 
(maximum error 1.79 % when the additional 
power measurements are used and 4.78  % 
when they are not). It can also be noted that 
for RF, the use of the additional power flow 
measurements may result in a slightly lower 
estimation tolerance (F1_L3). However, for 
the more difficult scenario groups F6_L5_
L6, F5_L3_L4 and F7_L2, the additional 
measurements provided an increase of the 
average accuracy by 34.8 %–43 %. 

Table 2. Case Study Results with Errors for Obtained Parameter Estimates

Scenario ID
F1_L3 F6_L5_L6 F5_L3_L4 F7_L2 F7_L1

Additional measure-
ments from the power 
system used

No Yes No Yes No Yes No Yes No

|Z1
S|

maximum 
error, % 0.42 0.41 0.35 0.46 0.67 0.69 0.71 0.55 −

mean error, 
% 0.022 0.021 0.023 0.024 0.022 0.027 0.029 0.032 −

X1 / R1

maximum 
error, % 8.93 7.07 9.63 7.42 6.35 9.08 8.07 11.97 −

mean error, 
% 0.390 0.357 0.381 0.374 0.445 0.427 0.517 0.555 −

|Z2
S|

maximum 
error, % 5.26 4.75 11.64 4.85 5.92 4.96 8.54 6.25 −

mean error, 
% 0.404 0.347 0.593 0.299 0.589 0.381 0.839 0.519 −

X2 / R2

maximum 
error, % 34.56 35.00 39.73 29.17 41.50 21.83 40.37 25.92 −

mean error, 
% 2.293 1.177 2.675 0.299 2.964 1.540 3.319 1.538 −

|Z0
S|

maximum 
error, % 55.66 18.14 51.26 13.54 27.23 10.58 27.49 9.56 −

mean error, 
% 7.237 1.506 3.088 1.073 1.739 0.971 1.368 0.957 −
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X0 / R0

maximum 
error, % 86.50 42.40 83.67 46.30 68.17 40.57 68.63 39.17 −

mean error, 
% 22.643 4.087 12.978 4.498 8.062 4.529 5.854 3.772 −

NGEN

maximum 
error, % 708 845 958 915 1059 936 1111 1120 796

mean error, 
% 427.4 445.0 511.8 489.0 546.9 513.3 575.8 536.4 451.0

RF

maximum 
error, % 0.87 0.49 1.51 0.75 4.78 1.19 3.53 1.79 1.24

mean error, 
% 0.045 0.052 0.093 0.061 0.169 0.104 0.251 0.143 0.016

two standard 
deviations of  
error, %

0.145 0.161 0.347 0.201 0.709 0.328 0.939 0.474 0.160

α
New 
FL

maximum 
error, % 
error, %

0.20 0.41 3.04 2.16 3.50 2.25 4.64 2.93 1.45

mean error, 
% 0.030 0.043 0.212 0.159 0.240 0.174 0.469 0.278 0.031

two standard 
deviations of  
error, %

0.078 0.123 0.687 0.472 0.799 0.542 1.517 0.811 0.199

α
REDI1

maximum 
error, % 51.67 56.79 69.74 78.43 96.39 102.12 112.67 121.34 94.08

mean error, 
% 7.475 7.784 14.848 15.14 7.182 7.440 9.743 10.290 7.837

two standard 
deviations of  
error, %

17.15 18.04 39.11 39.29 21.36 24.47 28.38 30.10 28.49

α
REDI2

maximum 
error, % 0.20 0.20 0.23 0.23 0.30 0.28 0.19 0.19 0.96

mean error, 
% 0.087 0.088 0.103 0.103 0.120 0.121 0.077 0.077 0.431

two standard 
deviations of  
error, %

0.102 0.101 0.115 0.114 0.165 0.147 0.108 0.110 0.491

Overall, the episodically significant 
errors for estimates of the PS, NS and ZS 
impedances of the power system and RF 
did not critically affect the accuracy of the 
developed FL. This is shown by α estimation 
errors remaining within the 4.64 % margin, 
if additional measurements are not used, 
and 2.93  %, when they are. The scenario 
group F1_L3 indicates that for “easier” 
scenarios, where the measurements used 
are more sensitive to changes in α, exten-
sion of the measurement group with the 

measurements from the equivalent power 
system can be slightly counterproductive. 
However, in “difficult” scenarios, the addi-
tional measurements provided a reduction 
in the maximum error by 0.88 %–1.71 % of 
faulted line length and narrowed the range 
of most FL errors as shown by the drop of 
the error standard deviation value, which 
was 0.108  %–0.353  %. Data for scenario 
group F1_L3 in Table 1 and Table 2 indicate 
that after a sufficient number of available 
measurements is reached, a further increase 
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of the measurement set provides little posi-
tive impact on the overall accuracy of the 
developed FL method, matching the obser-
vation made in the previous study [13]. 
Instead, the number of parallel links and the 
position of the faulted line within the net-
work seem to have a higher importance.

The obtained results (Table 2) also 
show that the developed FL is significantly 
more accurate than the existing apparent-
reactance-measurement-based FL (REDI1). 
A comparison with the existing TTMB FL 
(REDI2) shows that in easier scenarios (F1_

L3, F7_L1), the developed FL algorithm is 
more accurate on average and has a smaller 
error dispersion as shown by the cumula-
tive distribution functions (CDFs) obtained 
from scenario results (Fig.  3). However, 
in the more difficult scenarios, the exist-
ing TTMB method outperforms the devel-
oped method but only by 0.11 %–0.39 % of 
faulted line length, if the additional appar-
ent power measurements are disregarded, 
and by 0.06 %–0.20 % when they are uti-
lised.

Fig. 3. The CDFs of fault distance estimate error absolute values for scenario F1_L3  
without additional apparent power measurements.

4. CONCLUSIONS

The developed method ensures adap-
tiveness, accuracy, and robustness with a 
combination of several different approaches. 
First, models of an analysed network part 
are made up to date and the PS sequence 
impedance of an equivalent power sys-
tem is estimated before fault occurrence. 
This reduces potential causes for errors, 
the number of decision variables, and the 
search space for the optimisation operat-
ing after a fault is cleared, thus increasing 
both the feasibility and accuracy of FL. The 

updates are performed by utilising informa-
tion from a SCADA system without strict 
requirements for data synchronisation; 
limited data such as the state of CBs and 
power generation and demand at the main 
“border” nodes are fetched. Second, the uti-
lised measurement group is extended from 
just the faulted line to all branches within a 
particular substation, which has the added 
benefit of reducing the potential impact 
of measurement errors. Third, the indirect 
utilisation of measurement data from the 
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other end of the line is integrated without a 
data synchronisation requirement by means 
of result cross-checks. These allow the FL 
devices to operate semi-independently and 
to compensate for the potential lack of sen-
sitivity of a measurement group available at 
one of the line ends.

The case study results show that the PS 
impedance of an equivalent power system 
can be determined with a very good toler-
ance, allowing the use of its estimate to 
define the possible interval of NS imped-
ance values with only slightly extended 
margins. Estimates of the NS impedances 
are less accurate, but on average, their mod-
uli are determined with a 1 % error margin. 
The ZS impedance estimates were the least 
accurate ones due to both a larger search 
space and a lower sensitivity of measure-
ments to this parameter. When considering 
X / R ratio estimates, a similar situation is 
observed, but their inaccuracy often has a 
limited impact on the sequence impedances 
due to the use of the tangent function. The 
use of the additional power flow measure-
ments is most useful for estimation of NS 
and ZS impedances as they offset the sensi-
tivity of measurement groups towards fault 

distance and equivalent resistance. The epi-
sodically significant errors of estimates of 
system sequence impedances do not criti-
cally affect the accuracy of the developed 
FL, which remains within the defined 5 % 
limit. Utilisation of the additional apparent 
power measurements notably increases the 
accuracy of the developed FL for relatively 
difficult scenarios while having little effect 
for less problematic scenarios. A compari-
son with two existing FL algorithms demon-
strates that developed method outperforms 
an existing reactance-measurement-based 
method. Considering simpler scenarios, it 
also outperforms a TTMB method in all 
terms but maximum error, however, in more 
complex scenarios the existing TTMB algo-
rithm has a slightly higher accuracy than the 
developed FL method.

The future work related to the devel-
oped method could entail development and 
integration of universal models applicable 
for different fault types occurring in any of 
OHTLs within an analysed network part. 
Another research direction could be sensitiv-
ity analysis for evaluating and mitigating the 
impact of measurement errors or changes in 
the parameters of transmission lines.
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