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A Novel Algorithm for Fault Type Fast Diagnosis in Overhead 
Transmission Lines Using Hidden Markov Models    

 
 

M. Jannati*, S. Jazebi*, B. Vahidi† and S. H. Hosseinian*  
 

Abstract – Power transmission lines are one of the most important components of electric power 
system. Failures in the operation of power transmission lines can result in serious power system 
problems. Hence, fault diagnosis (transient or permanent) in power transmission lines is very important 
to ensure the reliable operation of the power system. A hidden Markov model (HMM), a powerful 
pattern recognizer, classifies events in a probabilistic manner based on fault signal waveform and 
characteristics. This paper presents application of HMM to classify faults in overhead power 
transmission lines. The algorithm uses voltage samples of one-fourth cycle from the inception of the 
fault. The simulation performed in EMTPWorks and MATLAB environments validates the fast 
response of the classifier, which provides fast and accurate protection scheme for power transmission 
lines.     
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1. Introduction 
 

Transmission networks, being the most essential part of 
the power system, establish connection between production 
and consumption units. Nowadays, providing consumer 
requirements and preventing long interruptions are of great 
importance due to increasing developments in electrical 
power applications. Because of the widespread use and 
geographical conditions of transmission line regions, 
power systems are exposed to various faults. These faults 
can cause the disabling of transmission lines and 
interruption in power provision in some parts of the power 
network. 

Nearly 80% of faults in an EHV transmission lines are 
transient [1]. The most prevalent potential of transient 
faults is lightning and transmission line switching, among 
others. This transient faults can be cleared by temporarily 
opening the faulty phase. In this type of faults, 
transmission line can be energized by a single-pole auto-
reclosure. This strategy can improve the reliability and 
stability of power system [2]. Other types of faults, 
including permanent faults such as a wire’s scrapping, are 
not clearable by auto-reclosure. The traditional auto-
reclosure with a fixed setting for dead time is not 
recommended in transmission lines. Therefore, a novel 
algorithm for fault type fast diagnosis in high-voltage 
transmission lines using a hidden Markov model (HMM) is 
presented in this paper. 

Various alternatives have been performed for fault type 

diagnosis [3-15]. For instance, the RMS of faulty phase 
voltage was used in [5]. The current high-frequency 
components of one of the two robust phases that contain 
the load current were used in [6]. The algorithm of [7] was 
based on the low-frequency components of the faulted 
phase voltage. The method of [8] used the fundamental 
component of zero sequence power in both line terminals. 
Neural network was presented in [9] to carry out the 
identification task. Some references, such as [10], have 
also used wavelet transform, and some, such as [11], 
combined it with neural network. A method based on fuzzy 
logic was proposed in [12]. In [13], THD of the faulted 
phase voltage was used to distinguish transient and 
permanent faults in transmission lines. In [14], the voltage 
waveform at the sending end of the power transmission 
line was analyzed during the fault, and an adaptive linear 
neuron was then trained online to identify transient and 
permanent faults. 

HMM, a powerful pattern recognizer, classifies the 
events in a probabilistic manner based on fault signal 
waveform and characteristics [15]. The HMM ability to 
solve small sample, nonlinear, and high-dimensional 
pattern problems make this algorithm a powerful choice for 
application in power system disturbance classifications [16, 
17], partial discharge de-noising [18], accidents 
identification and decision making in power plants [19], 
modeling and forecasting electrical power markets [20-22], 
and power transformer fault diagnosis based on dissolved 
gas analysis [23]. In [24, 25], HMMs were specially 
applied to power transformer differential protection. HMM 
requires only a small amount of computation for decision 
making (classification) after training; hence, it can be 
implemented for online applications. This advantage makes 
the HMM very attractive for fault diagnosis. The 
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probabilistic inherent of HMM makes it flexible for 
different operating conditions without considering any 
deterministic index. This paper presents a novel application 
of HMMs for fast and accurate reclosing command. 

A typical transmission line is simulated in EMTPWorks 
and executed in extensive conditions. The post fault 
voltage signal for the faulted phase is retrieved at the 
sending or receiving end at a sampling frequency of 10 
kHz. The moving window width was taken at one-fourth 
power frequency cycle. The simulated signals from 
EMTPWorks are then fetched to the classifier, which is 
coded in MATLAB environment. Simulation results show 
that HMM can distinguish between transient and 
permanent faults for all possible states. 

 
 
 

2. Basic Theory of Discrete HMM 
 
HMM is a classification algorithm with probabilistic 

phenomena. This algorithm is adjustable to novel data 
where there is no complete information about the source 
from which the signals are generated. The difference 
between Markov chain and an HMM lies in observations. 

In HMM, observations are probabilistic function of the 
related state and its probability distribution function. This 
feature is an advantage of HMM, which provides more 
flexibility to overcome uncertainties in a real-world power 
system. The structure of HMM is discussed in the 
following. 

An HMM can be defined as ( , , , , )λ N M π A B= , where 
N is the number of states, M is the number of distinct 
observation symbols per state, π is the initial state 
distribution vector, and A and B are the state transition 
probability and observation probability matrices 
respectively. The elements of matrix A, ija , is the 
transition probability from state i to state j, which are 
defined in Eqs. (1) and (2). In these equations, qt is the 
actual state S at time t. An example of a three-state HMM 
with three observation symbols in each state is illustrated 
in Fig. 1.  

 
 1[ ], 1 ,ij t j t ia P q S q S i j N+= = = ≤ ≤        (1) 
 

 
1

0, 1
N

ij ij
j

a a
=

≥ =∑               (2) 

 
The elements of matrix B, ( )jb k , are defined by Eq. 3, 

where Vk is the kth observation in the state. Matrix B and 
vector π elements follow the rules presented in Eq. 4. The 
HMM training process is identical to find appropriate 
parameters of A, B, and π. 

 
 ( ) [ ], 1 , 1j t k t jb k P O V q S j N k M= = = ≤ ≤ ≤ ≤   (3) 

 
1 1
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where tO  indicates observation at time t. Eq. (3) 
calculates the probability of observation kV  at time t, 
where t jq S= . 

 
 

3. Simulated Power Transmission System 
 
Fig. 2 demonstrates the single-line diagram of a 400 kV 

and 300 km power transmission line simulated in the 
EMTPWorks program. 

The input data set of HMM (for transient and permanent 
faults) is derived from excessive simulations on the above 
power system. The power transmission line parameters are 
given as follows.  

Positive sequence resistance, inductance, and 
capacitance are R1 = 0.01526 Ω/km, L1 = 0.8838 mH/km, 
and C1 = 0.0126 µF/km, respectively; meanwhile, zero 
sequence resistance, inductance, and capacitance are R0 = 
0.04624 Ω/km, L0 = 2.6563 mH/km, and C0= 0.0043 
µF/km, respectively. Thevenin’s equivalent impedances at 
the sending and receiving ends are described using mutual 
coupled R–L circuit: the positive sequence is R1 = 0.06 Ω 
and L1 = 40.03 mH, while the zero sequence is R0 = 0.127 
Ω and L0 = 23.56 mH. The distributed line parameter 
model of EMTPWorks is intentionally selected to simulate 
the unsymmetrical faults. 

The two major types of arcing faults occurring on power 
transmission lines are permanent and transient faults. A 
linear resistance is usually an adequate representation for 
the permanent fault, whereas a nonlinear arc model depicts 
the transient fault. Various studies in [14] have shown that 
the dynamic characteristics of the electric arc could be 
simulated by the following empirical equations: 

 

 
1 ( )dg G g

dt τ
= −                 (5) 

 ( )o

i
G

U R i
=

+                 (6) 

Fig. 1. Schematic of a typical HMM 
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where kg  is the dynamic arc conductance, τ  is the arc 
channel time constant, G  is the stationary arc 
conductance, i  is the arc current, oU  is the arc voltage 
drop per unit length along the main arc columns,  is the 
arc length, and R  is the total resistance of the cathode and 
anode regions of the arc, which is independent of the 
current. 

The values of τ, oU , and R  vary according to the 
characteristics of the transmission line and other 
environmental conditions. They could be estimated from 
high-voltage lab tests. Moreover, the length variation of the 
arc is approximated by the following equation for low wind 
velocities of 0–1 m/s [14]: 

 

 
10 ( ) 0.1

( )
0.1

so s s
s s

so s

t t t t
t t

t t
⎧ × × − > +⎪⎪− = ⎨⎪ ≤ +⎪⎩

    (7) 

 
where so  is the primary arc length and st  is the time in 
which circuit breakers are opened.  

Using Eqs. (5)-(7), a nonlinear time-dependent dynamic 
resistance representing the primary and secondary arcs is 
simulated in this paper. The modeled arc is used for auto-
reclosure studies. 

The sampling process for the voltage waveform of the 
faulted phase commences when an SLG fault (transient or 
permanent) occurs and the power breakers of the faulted 
phase open. Consequently, the harmonics of the voltage 
waveform of the faulted phase should be derived using the 
calculation of Fast Fourier Transform (FFT) or An 
ADAptive Linear Neuron (ADALINE) neural network. 

Fig. 3 demonstrates the voltage at the sending end of the 
high-voltage transmission line when a transient fault occurs 
at t = 0.160 seconds. In this case, an SLG fault occurred on 
phase C, and secondary arc started at t = 0.210 seconds and 
voiding phase C. The secondary arc is extinguished after 
0.240 seconds from the start.  

The voltage waveform of the faulted phase in the 

secondary arc period is distorted compared to the 
sinusoidal waveform in the pre-fault condition. In addition, 
the voltage of the faulted phase starts to increase by 
satisfying the secondary arc. Fig. 4 shows the voltage 
waveforms during the permanent fault. 
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Fig. 3. Voltage waveform corresponding to the inverse of

the fundamental harmonic 
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Fig. 4. Voltage waveform corresponding to the inverse of

the fundamental harmonic 
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Fig. 2. The power transmission system under study 
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4. Simulation and Classification of Fault Type 
 

4.1 HMM training process 
 
HMM classifies faults by comparing the maximum 

likelihood probability of the fault signal for trained models. 
Thus, an HMM model should be trained for each kind of 
fault. In the HMM training process, the parameters are 
recalculated iteratively to statistically match to a group of 
training signals. The following section describes the 
training data set selection and training scheme. 

It is necessary to build two separate HMM blocks for 
transient and permanent faults. The HMM block inputs are 
observation vectors 1 2, ,.... TO O O O= , which are feature 
signal samples (of faulted waveform). In the training 
process, the maximum likelihood probability denoted by 
Eq. (8a) should be maximized indirectly using the 
logarithm of the above probability (Loglik), which is 
presented in Eq. (8b). 

 

 ( ) ( , ) ( , )
All Q

P O λ P O Q λ P Q λ=∑          (8a) 

 ( ( ))Loglik Log P O λ=             (8b) 
 

where 1 2, ,... TQ q q q=  is a fixed state sequence and T is 
the number of observations. The Baum-Welch algorithm is 
used in the problem [15, 17]. Baum-Welch first defines 

( , )tγ i j  (the posteriori probability of transitions being in 
state i at time t and making a transition to state j at t+1, 
given the observation sequence). It can be computed as Eq. 
9, and the variable tγ  (the posteriori probability of being 
in state i at time t, given the observation sequence) is 
defined by Eq. 10. 
 

 

1

1 1

1 1

( , ) ( , , )
( ) ( ) ( )

( )
( ) ( ) ( )

( )
F

t t t

t ij j t t

t ij j t t
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k Q
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P O λ
α i a b O β j
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+

+ +

+ +

∈

= = = =

=
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         (9) 

 

( ) ( )
( ) ( | , )

( )
( ) ( )

( )
F

t t
t t

t t

T
k Q

α i β i
γ i P s i O γ

P O λ
α i β i

α k
∈

= = =

=
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        (10) 

 
where ( )tα i  is the forward variable for model λ. This is 
the probability of the partial observation sequence O (until 
time t) and state Si at time t. Another parameter is ( )tβ i , 
which is a backward variable that refers to the probability 
of the partial observation sequence from t+1 to the end, 
given Si at time t and the model λ. QF is a set of final states. 

 1 2( ) ( , , , , | )t t t iα i P O O O q S λ= =         (11) 
 1 2( ) ( , , , | , )t t t T t iβ i P O O O q S λ+ += =       (12) 

 
If 1 1( ) ( )i iα i π b O= , then α  can be calculated as 

follows: 
 

 1 1
1

( ) ( ) ( )
N

t t ij j t
i

α j α i a b O+ +
=

⎡ ⎤
⎢ ⎥= ⎢ ⎥
⎢ ⎥⎣ ⎦
∑          (13) 

 
If ( ) 1Tβ i =  (initialization), then the following holds 

true: 
 

 1 1
1

( ) ( ) ( )
N

t ij j t t
j

β i a b O β j+ +
=

=∑         (14) 

 
Parameters , ,ij j ia b π  of the re-estimated new model λ  

can be computed as follows: 
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 1( )iπ γ i=                   (17) 
 
This re-estimation continues by replacing λ , instead of 

λ , until P (O/λ) converges to a maximum. 
 

4.2 Fault identification 
 
The proposed algorithm flowchart is depicted in Fig. 5. 

When an SLG fault occurs, a windowed fundamental 
harmonic of the faulted voltage waveform of about a 
quarter of a cycle (5 ms for 50 Hz frequency) is sampled. 
While signals have been sampled at 10 kHz, each window 
consists of 50 samples. 

The identification pre-process starts through the 
quantization of the input observation signal (faulted signal). 
In the next stage, the quantized signal is fed into HMM 
models. The logarithm of the models’ output probabilities 
are then computed in the recognition stage. Recognition or 
classification means finding the best path in each trained 
model and selecting the one that maximizes the path 
probability for a given input observation O and the model 

( , , )i i i iλ A B π= , i=1,2,…D, where D represents the 
number of fault types. Therefore, fault model λ∗  should 
satisfy the following equation: 
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 max[max ( , | )]ii Q
λ P Q O λ∗ =            (18) 

 
In this stage, the Viterbi algorithm finds the best state 

sequence Q [15]: 
Initialization for all state i: 
 

 1 1 1( ) ( ), ( ) 0i iδ i π b O ψ i= =            (19) 
 
Recursion from time t = 2 to T and all states j:  
 

 1( ) max [ ( ) ] ( )t i t ij j tδ j δ i a b O−=         (20) 
 1( ) arg max[ ( ) ]t i t ijψ j δ i a−=            (21) 

 
Termination: 
 

 max [ ( )], arg max[ ( )]T T TP δ i q δ i∗ ∗= =       (22) 
 
State sequence backtracking from T-1 to 1:  
 

 1 1( )t t tq ψ q∗ ∗
+ +=                (23) 

 
The maximum likelihood probability P (O/λ) could be 

achieved, given the best path Q and observation O 

(observation vector of the fault signal). The fault can then 
be identified by comparing the logarithm of the likelihood 
probabilities (Loglik) of the models. The model with higher 
Loglik shows the fault type. The reclosing command, 
where the transient fault HMM blocks the output, becomes 
higher; otherwise, the signal will be identified as a 
permanent fault, resulting in the tripping of the relay. 

Two experiments were designed to study the diagnosis 
ability of HMM. In the first experiment, the effect of the 
extracted feature in the diagnosis ability of HMM was 
investigated. In addition, various simulations were 
performed to ensure the authentic operation of HMM in the 
classification of faults in the second experiment. 

 
Experiment 1 

 
HMM is a classification method which is sensitive to 

selected features like other classification algorithms. Hence, 
the first experiment in this paper was designed to select the 
best input data that lead to the best solution.  

In this experiment, the number of input data of HMM 
was 400 (half of them are transient and half are permanent). 
This data set was generated for three different situations 
according to the descriptions presented in Table 1. This 
data set includes voltage waveform of the faulted phase, 
THD of the voltage waveform, and fundamental harmonic 
of the voltage waveform ( 1V ) of the faulted phase. The 
results of the simulations are given in Fig. 6. It is clear 

 
Fig. 5. The proposed algorithm logic 

  
Table 1. Simulation results for the diagnosis ability of 

HMM (experiment 1) 

 Data type 
Number of 
transient 

faults 

Number of 
permanent 

faults 

Diagnosis 
ability of 

HMM 

Case 1 Voltage waveform of
faulted phase 200 200 71.56% 

Case 2
THD of the voltage 

waveform of 
faulted phase 

200 200 83.38% 

Case 3

Fundamental harmonic 
of the voltage 

waveform of faulted 
phase 

200 200 99.2% 

 

 

Fig. 6. The illustration of HMM accuracy in experiment 1



M. Jannati, S. Jazebi, B. Vahidi and S. H. Hosseinian 

 

747

from Fig. 6 that the best input datum (feature) is 1V . 
As a result, 1V  was chosen as the input datum for the 

HMM classifier in experiment 2. 
 

Experiment 2 
 
This experiment was designed to study the diagnosis 

ability of HMM. Different conditions were considered, as 
follows: 

Case 1:  
The input data of HMM consist of 400 sample signals, 

where 200 are transient faults and the remaining are 
permanent faults. The data set obtained is composed of 
SLG faults for different locations in the transmission line. 
The input data set includes the signal for the faulted phase 
in sending the end of the transmission line. The 
classification rate was calculated as 99.2%, which indicates 
the successful performance of the HMM classifier. 

Case 2:  
The simulations were performed for different phases and 

loading conditions. As in the previous case, the number of 
input data is 400. A classification accuracy of 97.35% was 
achieved in this case. 

Case 3:  
To ensure the authentic operation of HMM, a variety of 

data was chosen for training in this case. In addition to the 
different fault locations and loading conditions, the 
transmission line has been equipped by high-speed 
grounding switches for faster quenching of the secondary 
arc. The transposed and un-transposed transmission lines 
were also considered. Moreover, the fault was simulated 
for both 400 and 765 kV transmission lines. The number of 
the input data set is the same as in the previous cases. A 
recognition rate of 95.42% was achieved in this case. This 
indicates the accuracy and authenticity of HMM in the 
classification of fault type in power transmission lines.  

In this experiment, three cases were considered, 
applying various situations in each case. The simulation 
results presented in Table 2 and Fig. 7 demonstrate the 
diagnosis ability of HMM for these three cases. Although 
cases 1 and 2 have more regular considerations than case 3, 
the classification rate of the latter is high and is acceptable 
for such severe conditions. 

 
 

Table 2. Simulation results for the diagnosis ability of 
HMM (experiment 2) 

Number of 
transient 

faults 

Number of 
permanent 

faults 

Different 
fault 

locations 

Use of 
auxiliary 
device for 

fast 
quenching 
secondary 

arc 

Different 
power 

systems 
under 
study 

Diagnosis 
ability of 

HMM 

200 200  - - 99.2% 
200 200   - 97.35%
200 200    95.42%

 
Fig. 7. The illustration of HMM accuracy in experiment 2 

 
5. Very Fast Protection Scheme for  

Transmission Line 
 
Traditional methods such as [4, 13] cannot be considered 

as benchmarks for very fast diagnosis of fault type because 
they require at least one cycle of power frequency to 
distinguish between the two types of faults (due to voltage 
waveform harmonics extraction). In contrast, HMM is a 
powerful method for statistical classification of data in 
time domain, which is also independent to harmonics. The 
simulation results presented in the previous section 
demonstrate that only one-fourth cycles of power 
frequency is enough to determine the type of faults in 
power transmission lines. The proposed HMM-based 
method is very fast, thereby providing an accurate and 
reliable protection scheme for protection relaying. 

 
 

6. Conclusion 
 
In this paper, a novel intelligent algorithm was proposed 

to distinguish between transient and permanent faults in 
power transmission lines based on HMMs. The HMM 
ability to solve small sample, nonlinear, and high-
dimensional pattern problems make this algorithm a 
powerful choice for application in power system protection. 
The HMM-based method uses only a data window of one-
fourth cycle after the fault, thus providing a fast scheme for 
online diagnosis in power transmission lines. Simulation 
results in EMTPWorks and MATLAB environments show 
that the proposed algorithm can accurately identify fault 
type in high-voltage transmission lines. This reliable and 
accurate identification scheme can lead to significant 
advances in power transmission line protection. 
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