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Abstract—Accurate pin-pointing of faults on transmission lines
minimizes outage time, labor, and costs. This letter proposes a
simple yet effective ensemble Kalman filter (EnKF) approach to
accurately locating the faults on transmission lines within halfcycle time. The approach is easy to implement and does not require
foreknowledge of either the fault type or an approximate guess of
the fault location. Extensive results validate the effectiveness and
accuracy of the EnKF-based fault location approach.

and gets an initial estimation of the fault location. The second step involves performing a reinforced EnKF to determine
an accurate fault location. This method does not require foreknowledge of either the fault type or an approximate guess of
the fault location, and it only needs a data window of half cycle
and is easy to be implemented without deriving the Jacobian
matrix.

Index Terms—Dynamic state estimation, ensemble Kalman
filter, fault location, fault classification.

II. PROPOSED APPROACH

I. INTRODUCTION
RANSMISSION line fault location techniques are mainly
classified into three categories: single-ended impedance
method, dual-ended impedance method [1], and traveling wave
method [2]. Single-ended or dual-ended impedance methods
use the fundamental frequency of phasor measurements at one
or two terminals of lines to determine the fault location by
calculating the impedance from the fault point to the terminal.
The performance is affected by fault path resistance, loading,
and source parameters. The traveling wave method monitors
the wave arrival times to determine the fault location. However,
this method requires super-high sampling rate, and the result
accuracy is questionable when the fault occurs close to bus.
In [3] the fault distance is treated as a state of dynamic state estimation (DSE) process in which a weighted least square (WLS)
method is used. However, the WLS-based method has several
disadvantages: (1) it has to know the exact fault types and a
close guess of the fault distance to initiate the state estimation,
(2) the formulation of the Jacobian matrix is very complicated,
and (3) WLS is typically better suited for static state estimation
rather than DSE and may cause problems for nonlinear state
estimations.
In this letter, we propose a two-step EnKF approach to avoid
the above disadvantages. The first step determines the fault type
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The EnKF-based approach uses ensembles to represent and
propagate the distribution of states [4]. Compared to the WLS,
the EnKF eliminates the need to derive Jacobian matrices for
nonlinear models and thereby the complexity of algorithm implementation. In addition, this approach leverages a full evolution of model non-linearity and error statistics, providing more
accurate estimation and better numerical stability [5].
A. EnKF-Based Method
Given the transmission line model and measurements
xk = f (xk −1 , uk −1 ) + wk −1

(1)

zk = h(xk , uk ) + vk −1

(2)

where x is the states, u is the inputs, z is the measurements, k
is the step number, w, v are the process and observation noises
with zero mean and covariance of Qd , Rd , f and h are the mapping or functions. Ensembles are formulated as an n × N matrix
with the form of X = [x1 , . . . , xN ], where n is the state dimension and N is the number of samples. In this letter we selected a
multi-section transmission line model for demonstration, without losing generality. Equations (1)–(2) are the discretization of
the line model differential algebraic equations that are presented
in [3].
When a fault occurs on a transmission line, the distance from
the fault to the terminal is treated as a new state α that is invariant
during the fault. The new model becomes

   f (x , u , α ) + w
k −1
k −1
k −1
k −1
xk
.
(3)
=
αk
αk −1 + wα ,k −1
Note that the non-linearity of the model increases when α is
introduced as a state. Defining an expanded vector of state as
y = (x, α) . Equations (1) and (2) can be rewritten as
yk = f (yk −1 , uk −1 ) + wk −1

(4)

zk = h(yk , uk ) + vk −1

(5)
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Fig. 1. (a) Multisection transmission line model. (b) Single-phase to ground.
(c) Phase to phase. (d) Phase-to-phase to ground. (e) Three-phase faults.

The EnKF-based DSE can be summarized using an iterative
prediction-correction process as follows:
EnKF Prediction:


(6)
yki− = f yki−−1 , uk −1 + wki −1 ,

 i−
i−
i
zk = h yk , uk + vk −1 ,
(7)
yk =

N
1  i−
y ,
N i=1 k

(8)

zk =

N
1  i−
z ;
N i=1 k

(9)

EnKF Correction:
N


1   i−
yk − yk zki− − zk ,
Pk Hk =
N i=1

(10)

N


1   i−
zk − zk zki− − zk ,
N i=1

(11)

Hk Pk Hk =


−1
Kk = Pk Hk Hk Pk Hk + Rd
,


yki = yki− + Kk zki − zki− .

(12)
(13)

where Pk is the error covariance matrix, Hk is the Jacobian
matrix, Kk is the Kalman gain, and the superscript notation i−
in y i− or z i− means that states and observations are computed
in the prediction step. Note the Jacobian matrix Hk does not
need to be derived explicitly from the non-linear equations.
B. Fault Classification and Reinforced Location
A simple two-step EnKF approach is proposed to avoid the
disadvantages of the WLS-based method.
The first step determines the fault type and gets an initial
estimation of the fault location. Transmission line faults can be
classified into four categories: single-phase to ground, phase
to phase, phase-to-phase to ground, and three-phase faults, as
shown in Fig. 1. The multi-section transmission line models for

Fig. 2.

Estimated fault point voltages for different fault types.

the pre-fault and post-fault conditions are slightly different at the
faulted section connection point. The three-phase voltages and
currents at health (un-faulted) section connection points always
equal,
sec,i
sec,i+1
0 = vabc,lef
t (t) − vabc,r ig ht (t)

(14)

sec,i+1
0 = isec,i
abc,lef t (t) + iabc,r ig ht (t)

(15)

where i = m. The above voltage and current relationships represent the physical laws (Kirchhoff’s voltage and current law).
However, at the fault point only the voltage relationships (equation (14)) persist, while the current relationships remain unclear
if the fault type is unknown.
f
f
0 = vabc,lef
t (t) − vabc,r ig ht (t)

(16)

Equations (14)–(16) are included in an EnKF DSE process.
The results provide an approximate value of fault location α̂, as
f
at the fault point
well as the estimated three-phase voltages vabc
with which we can classify the type of the fault.
Generally, the smaller the fault impedance is, the larger the
change in faulted phase voltage is, and thus the easier the fault
classification is. Here we selected four types of impedance fault
scenarios (A-G, AB, AB-G, and ABC) at the mid-point of a
200-km transmission line where the fault impedance is 15 Ω.
The fault happens at time 0.01 sec. Fig. 2 shows the estimated
fault-point voltages for different fault types using the EnKFbased method.
The fault type is determined by checking the three-phase
voltages. In Fig. 2(a), the phase B and C voltages are equal to
nominal values, while the phase A voltage is very small; thus
it is an A-G fault. In Fig. 2(b), the phase C voltage is equal
to nominal values, while the phase A and B voltages are the
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TABLE I
PARAMETERS OF TRANSMISSION LINE AND EQUIVALENT SYSTEM

TABLE II
FAULT LOCATION FOR PHASE A-N FAULT, 15 Ω IMPEDANCE

same and close to half of nominal values; thus it is an AB fault.
Fig. 2(c) is similar to (b), but the phase A and B voltages are
very small (close to zero); thus it is an AB-G fault. In Fig. 2(d),
all three phase voltages are small (almost zero), thus it is an
ABC fault. In this way, the first step determines the fault type
and an initial estimation of the fault location α̂.
In the second step, a reinforced EnKF is performed by rerunning the DSE process with additional information. With
the knowledge of fault type from the first step, additional
current relationships at the fault point are derived similar to
equations (14)–(16). For example, if the first step determines
the fault is an A-G fault, additional current relationships are
0 = ifb,lef t (t) + ifb,r ig ht (t)

(17)

0 = ifc,lef t (t) + ifc,r ig ht (t)

(18)

The above information can be included as extra constraints
(or measurements) when re-running the reinforced EnKF-based
DSE, which helps increase the measurement redundancy of the
state estimation process.
A good guess of the initial values will increase the accuracy of DSE results, as well as minimize the length of required
data window. The estimated fault location α̂ in the first step is
used as the initial guess of the reinforced EnKF state estimation
process. Therefore, when we re-run the reinforced EnKF-based
DSE process, it achieves a more accurate estimation of the fault
location because of better initial states and increased measurement redundancy [6].
III. TEST RESULTS
To validate the effectiveness of the EnKF-based fault location approach, two groups of fault scenarios were tested on a
500-kV, 200-km transmission line. The parameters of the line
and terminal equivalent systems are listed in Table I. The first
scenario is a single-phase (phase A) to ground fault, where the
fault impedance is 15 Ω. The second one is a bolted phaseto-phase (B-C) fault, where the fault impedance is 0.01 Ω. The
proposed EnKF-based approach was compared with the conventional single-ended and dual-ended impedance methods [1] for
every 20-km of distance. The process noise for the EnKF-based
method is 0.1% [7]. The measurement noise is 1% according to
IEEE Standard [8]. The sampling rate is 80 samples per cycle.
The results are shown in Tables II and III.
In the first scenarios, where 15 Ω impedance faults occur on
phase A-G, the average fault location error for the proposed

TABLE III
FAULT LOCATION FOR BOLTED PHASE B-C FAULT, 0.01 Ω IMPEDANCE

EnKF-based approach is 0.159 km, and the average errors for
conventional single-ended and dual-ended impedance method
are 2.614 km and 0.765 km, respectively. The EnKF-based approach gives a maximum error of 0.242 km, while the values
for the other two methods are 7.879 km and 1.366 km.
In the second scenarios where bolted faults occur on phase BC, the average fault location error for the proposed EnKF-based
approach is 0.109 km, and the average errors for the conventional
single-ended and dual-ended impedance method are 0.968 km
and 0.712 km, respectively. The EnKF-based approach gives a
maximum error of 0.199 km, while the values for the other two
methods are 2.994 km and 1.218 km.
Remark 1: from the results we can see the EnKF approach
persists consistent high accuracy for fault location independent
of the fault type or fault impedance.
Remark 2: both conventional impedance methods use only
fundamental-frequency phasor values and filter out the highfrequency or DC components. The results in Tables II and III
are the average values of the estimated distances calculated from
the third cycle measurements (to get rid of large transients) after
the fault incipience. However, it will introduce large errors if
the fault is quickly tripped and only short-period measurements
(with large transients) are available. In contrast, the EnKF-based
approach uses instantaneously sampled values instead of phasors, and experimental results show this method will reach a
converged solution in half cycle time. Therefore, the EnKFbased approach is much superior when only short-period measurements are available.
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IV. CONCLUSION
This letter proposes a simple yet effective EnKF-based fault
location approach. The approach can be easily implemented
without explicitly deriving the Jacobian matrix. It does not require foreknowledge of either the fault type or an approximate
guess of the fault location. This approach converges fast (in
half cycle), so it is superior to conventional impedance methods
when only short-period fault measurements are available. Test
results validate that the EnKF-based approach can accurately
locate faults on transmission lines.
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