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Abstract—This paper presents the use of Higher Order 

Statistics (HOS) and Artificial Neural Networks (ANNs) for 

distance relaying purposes. The main objective is to design a 

distance relay prototype. In the current paper, the results of fault 

detection, classification and location using such tools are 

presented. It can be noticed the reliability, as well as high speed 

in detecting faults. These results are very promising as the 

method combines a large number of samples of HOS with 

different features and the capability of ANNs to discriminate 

different patterns. Furthermore, this new distance protection 

approach under development is based on current signals only 

which represent an innovation in distance relaying. 

 
Index Terms—Transmission Line Protection, Higher Order 

Statistics, Artificial Neural Networks.  

I. INTRODUCTION 

HE advances in digital signal processing and artificial 
intelligence have allowed the investigation/application of 

new tools for solving problems of many fields of knowledge. 
The Electrical Power Systems (EPS) protection is one of those 
fields, where the discrimination of patterns involving faulty 
and no faulty conditions has been studied by many 
researchers.   

Several algorithms of digital Transmission Line (TL) 
protection in use today are based on the estimation of apparent 
impedance [1]. The performance of such algorithms is directly 
related to the accuracy of phasor estimations of voltage and 
current signals. Some negative aspects of phasor estimation, 
such as errors due to frequency variation, presence of 
exponential decaying component, presence of noise, window 
length, and large transient response have been widely explored 
in the literature and various methods have been proposed in 
order to deal with them [2]-[6]. More recently, some 
publications related to distance relaying, comprising detection, 
classification and location should be mentioned, such as 
[7],[8],[9]. 

Since the early 1990’s a large number of works has been 
published employing Artificial Neural Networks (ANNs) to 
the protection purpose [7]-[18]. Such works are based on 
pattern recognition and function fitting and try to deal with 
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those aforementioned aspects that can badly influence the 
protective scheme. This enormous interest in ANNs is related 
to the enormous potentialities of this tool. Generally, the 
application of ANN is related to the use of a pre-processing 
stage, such as the Fourier Transform in [15] and the Wavelet 
Transform in [17]. 

A very interesting class of parameters, the Higher Order 
Statistics (HOS), also known as cumulants, has been 
successfully applied as a pre-processing tool in detection 
problems. In power quality, they provide an appropriate tool 
for detecting and classifying disturbances [19]-[21]. It also 
must be emphasized the remarkable results of [22]-[24] for 
detection purposes, parameter estimation and classification 
applications. In [25], the cumulants are used with fuzzy 
systems in order to classify faults from a series-compensated 
transmission line. However, this work treats the problem 
superficially considering only single phase-to-ground faults. 
These statistics present some interesting characteristics that 
classify them as appropriate tools for being used in distance 
relaying. Amongst others, some advantages such as immunity 
to noise and straightforward calculation should be mentioned.  

This paper presents some preliminary simulations results 
concerning the use of cumulants. The previous usage of HOS 
in detection problems indicates that they are adequate for 
protection applications where the speed and reliability are 
indispensable requirements. The cumulants are used in this 
research for generating patterns for detecting, classifying and 
localizing a fault in a transmission line. A large advantage of 
applying cumulants is the large number of these statistics 
available for analysis of the electrical signals. This allows 
better possibilities for discrimination between faulty and non-
faulty condition and between fault classes, for example. 
Moreover, the immunity to noise is an important feature that 
avoids problems of traditional detection methods, such as 
sample-to-sample and cycle-to-cycle comparison methods, as 
described in [26]. Another advantage is the possible use of 
data windows with fractional length if compared with the 
number of samples in one single fundamental period. These 
patterns generated with HOS are combined with the use of 
ANNs (MLP – Multilayer Perceptrons). In general, the main 
advantages of the proposed methodology related to 
conventional methods are the use of only current signals, 
economizing the voltage channels, as well as a better 
performance if compared to them. 

Section II presents the fundamentals of HOS and ANN. 
Section III describes the proposed method. Section IV presents 
some simulation results. Finally, Section V shows some 

A Novel HOS/ANN Approach for Transmission 
Line Protection Using Current Signals Only 

Denis V. Coury, Member, IEEE, and, Janison R. de Carvalho 

T



THE 12
th

 LATIN-AMERICAN CONGRESS ON ELECTRICITY GENERATION AND TRANSMISSION - CLAGTEE 2017 

 
 

concluding remarks. 

II. HIGHER ORDER STATISTICS AND NEURAL NETWORKS 

This section presents some fundamentals of the two tools 
used in this work: the higher order statistics and the artificial 
neural networks. 

A. Higher Order Statistics (Cumulants) 

In 1990, Mendel [27] mentioned the increase of applications 
of Higher Order Statistics (HOS) in many diverse fields. 
These statistics, known as cumulants, provide more 
information from that of mean and variance which allows a 
better way of generating patterns. The HOS is commonly used 
in detection problems as stated in [28]. This subsection 
presents an introduction of cumulants. 

Let {x(t)} be a zero-mean stationary random process. The 
k

th order cumulant of this process, denoted by Ck,x(τ1,τ2,…,τk-1) 
is defined as the joint k

th-order cumulant of the random 
variables x(t), x(t+τ1), …, x(t+τk-1) [27]. The second-, third- 
and fourth-order cumulants of the zero-mean x(t), are, 
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Concerning (1), because of stationarity, the cumulants are 
only functions of the time lags τ1, τ2 and τ3. If {x(t)} is 
nonstationary, the kth-order cumulant depends explicitly on t as 
well as on τ1, τ2 and τ3. Moreover, it can be shown [27] that, if 
x(t) is Gaussian, then the cumulants are all zero. This is a 
relevant principle in order to design the proposed structure. 
Assuming a single time lag τ1=τ2=τ3=τ and a finite N-length 
signal x[n], approximations for cumulants are given by [20], 
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In (2), mod(n+τ,N) is the modulus operator that returns the 
reminder obtained from division of n+τ by N.  

B. Artificial Neural Networks 

The Artificial Neural Networks (ANNs) can be defined as a 
set of processing units (neurons) interlinked with each other 
by means of a big number of interconnections (artificial 
synapses). These synapses are responsible for storing 
information, i.e., for the learning of the network. Some of the 
most relevant characteristics of the ANNs are [29]: (a) they 

adapt by means of examples; (b) they have capability of 
learning; (c) they have capability of clustering data. 

Among all applications of neural networks, the majority is 
represented for pattern recognizing and function fitting. In the 
first ones, the network must classify a data at its input as 
belonging to a certain class between C1, C2, etc. In the last 
ones, the network must fit a determined function which is 
difficulty to obtain analytically, for example. A model of the 
basic processing unit of an ANN, the perceptron neuron, is 
represented in Fig. 1. The inputs x1,..,xN are multiplied by the 
synaptic weights w1,..wN and then summed, including the term 
θ (the bias). The output of the linear element, u, passes 
through the transfer function g(.), resulting in the output of the 
neuron y. Mathematically, 
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Fig. 1. Perceptron neuron model. 

 

With the limitations of a single perceptron in solving simple 
problems, such as the Exclusive-OR (XOR) problem, 
Multilayer Perceptrons (MLP) are then used to solve advanced 
problems. These are Feedforward networks composed by an 
input layer of data (x1,..,xN), an intermediary neural layer (at 
least) and an output layer. Fig. 2 shows a representation of a 
generic MLP with two neuron layers, N1 neurons in the first 
one and N2 neurons in the last one. Each circle represents a 
basic neuron of Fig. 1. 

The interconnections between the layers are performed by 
the matrixes of synaptic weights w1 e w2. These matrixes have 
orders, respectively, N1×(N+1) e N2×(N1+1). The MLP belongs 
to a class of networks that has supervised learning. It means 
that it is employed to solve problems in which it is available a 
set of patterns x1(k),..,xN(k) with its respective outputs 
d1(k),..,dN2(k). The learning process is performed with the 
application of a learning algorithm.  

In the early 1990´s, the Backpropagation algorithm allowed 
the retaking of research with neural networks [29]. This 
algorithm is also known as the Generalized Delta Rule. The 
procedure consists of two steps: (a) Forward: the data is 
applied at the input of the ANN and the signals are diffused 
through it interacting with the synaptic weights; (b) 
Backward: From the resulting outputs yj(k), an error is 
calculated and diffused back in order to adapt the weight 
matrixes.  

The process of adapting weights is performed by means of 
the Gradient of the squared error,  
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j
th neuron of the current layer to the its ith input can be written 

as, 

 ( 1) ( )
ji ji j i

w t w t yηδ+ = +  (5) 

where η is the learning rate, δj is the local gradient of 
neuron j and wji(t) and wji(t+1) are the weights at epochs t and 
t+1, respectively. More details of the Backpropagation 
algorithm and ANN can be found in [30].  

 
Fig. 2. Multilayer perceptron with two layers. 

III. THE PROPOSED METHOD 

The proposed method is composed of three distinct 
protection systems or modules: detection, classification and 
location of faults. These modules operate consecutively and 
they are synchronized by a simple time controller.  Fig. 3 
shows how these stages work with current data collected after 
the inception of a fault on the EPS. Additionally, it can be 
noticed that the classification step starts its operation only 
after a fault is detected. After the classification stage, the 
location stage is started in order to complete the analysis of the 
fault. 

 
Fig. 3. The generalized structure for detection, classification and localization 
of faults. 

 
The three modules of the proposed method have the same 

representative diagram, as shown by Fig. 4. Their difference is 
basically the cumulants used for each stage – detection, 
classification and location - and the corresponding topology of 
the ANN. 

According to Fig. 4, only current signals are used in this 
methodology. These signals are used to obtain error signals, at 
the output of parametric IIR notch filters, [31], 
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This filter removes the fundamental frequency component 
(f0). Normal operation of the EPS means that error signals are 
zero or white Gaussian noise, given by ri[n]. In faulty 
conditions, it is observed a sum of the noise component with a 
transitory component ti[n]. Thus, it can be stated the following 
formulation for this problem, composed of two hypothesis,  
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The hypothesis H0 and H1 are associated with normal and 
faulty operation condition, respectively. According to [28] , 
this is a plausible formulation because, after the attenuation of 
the fundamental component, only a noise component is 
expected at the output of the filter [28].  

 
Fig. 4. The generalized structure for detection, classification and localization 
of faults. 

 
 After the filtering stage, the HOS block is used to calculate 
the cumulants of the error signals. The cumulants are obtained 
at this stage by means of (3) applied to N-length sliding 

windows of signals eiA, eiB and eiC. Since the third-order 
cumulants of a symmetrically distributed random process are 
zero, this work firstly investigates only second- and fourth-
order cumulants. Moreover, for some processes the third-order 
cumulants are extremely small, as stated by [27]. 

Thus, at a time instant n, the second stage can provide the 
following output vectors, 
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From (8), it can be noticed that N second-order cumulants 
and N fourth-order cumulants are available, for each phase, for 
the detection, classification and location processes.  

A combination of cumulants for phases A, B and C is the 
input of the third and last stage. This stage is composed of 
neural networks, each one specific for its function. Multilayer 
perceptrons are used in this stage. 

Fig. 5 shows the general block diagram of the distance 
protection scheme proposed. By inspection, it can be seen how 
to obtain the protection of TLs by the interconnection of the 
blocks. Firstly, the samples of eiA, eiB and eiC exactly after the 
fault inception are used to compose a window in order to 
obtain a system for detection. The ANN specific for the 
detection stage is trained and validated with a specific 
combination of cumulants extracted from eiA, eiB and eiC. 
Secondly, after the first window, a new window is used to 
compose a data set for the system of classification. A second 
network is trained and validated with a new combination of 
cumulants adequate for the classification stage. Lastly, a new 
data window is used for the location purpose. The location 
step is composed of various networks, each one for a fault 
type. The problem of fault location can be divided in order to 
simplify the system. If the fault is phase-to-ground, for 
example, one single ANN can be used for A-G, B-G or C-G 
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faults as the phase involved in fault is identified earlier in the 
classification step. In order to attain the requirements of a 
protective system, the data windows, especially for the 
detecting and classifying process, have sizes that are fractions 
of the nominal period. 

 

 
 

Fig. 5. Distance protection scheme. 

IV. SIMULATION RESULTS 

 This section presents the results obtained for detecting, 
classifying and locating faults. The simulations were 
performed using the Matlab Simulink Software. The 
simulated electrical system is shown in Fig. 6. Further details 
of this system can be found in [32]. 

 
Fig. 6. The simulated electrical power system. 

 
The simulations were performed using a sampling 

frequency fs=N×f0 with N=256. The fault distances, fault 
inception angles and fault resistances used in the simulations 
are shown in Table I. If the fault is Phase-to-Ground (Ph-G), 
Rg is the resistance between phase and ground. If the fault 
involves two phases, Rp is the resistance between them. The 
cross-validation technique is used in order to prevent over-
fitting in the training process of ANNs. 

 
TABLE I 

PARAMETERS FOR SIMULATING FAULTS 

Fault type Distances (km) 
Inception  

angle(°) 
nge 

Ph-G 5, 10, …, 120 0, 30, …, 330 Rg=0.1, 1.0, 10.0 

Ph-Ph 5, 10, …, 120 0, 30, …, 330 Rp=0.1, 1 

Ph-Ph-G 5, 10, …, 120 0, 30, …, 330 
Rg=0.1, 1.0, 10.0 

Rp=0.1, 1 
Ph-Ph-Ph 5, 10, …, 120 0, 30, …, 330 Rp=0.1, 1 

A. Fault Detection 

The detection stage was obtained using second order 
cumulants, with lag τ=29. The ANN for fault detection is 
presented in Fig. 7. It can be seen that the cumulant C2(29) is 
calculated for all line currents. Fig. 8 illustrates how the 
patterns of pre- and post-fault are located in the feature space. 

This figure was obtained considering current signals corrupted 
by white Gaussian noise with SNR (Signal-to-Noise Ratio) of 
55 dB.  

 
Fig. 7. Artificial neural network used in detection stage. 

 
 
Fig. 8. The feature space of detection stage showing data of pre- and post-fault 

operation of the EPS. 
 

The neural network for the fault detection stage must 
separate black patterns (normal operation) from gray patterns 
(faulty operation). The process of training this network is 
presented in Fig. 9. In (a), the Mean Squared Error is 
presented as a function of the training epoch. In (b), it is 
shown a result of the validation of the network. It can be 
noticed that the training process was successfully performed, 
with a MSE equal to 3.9021×10−4 and an error less than 0.1%  
in validation process. The rate correct answers were 99.96 %. 

 
Fig. 9. The results of (a) training and (b) validation processes of the artificial 

neural network of the detection stage. 
 

A result of the operation of fault detection stage is presented 
in Fig. 10. The fault is simulated at sample 256, as verified in 
current waveforms in (a). The errors signals and the cumulants 
are shown, respectively, in (b) and (c). It can be observed, in 
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(d) that the neural network quicly responds to the variation of 
cumulantes, detecting readily the faulty condition. The rate 
correct answers were 99.96 %. 

 
Fig. 10. Fault involving phase A and ground at 85 km from relay, with Rp=100 
Ω e φ=90º. Signals: (a) line currents; (b) output of notch filters; (c) cumulants 
and; (d) output of detection stage indicating the presence of fault. 

B. Fault Classification 

The fault classification stage is started after a quarter of a 
cycle from the fault inception. This process is performed by 
monitoring each phase individually with the artificial neural 
network presented in Fig. 11. As input of this ANN, it is used 
the cumulant C2(69), for the monitored phase, and the 
cumulant C4(31), for the others. The involvement of the 
ground in faults is identified by analyzing the 2nd order 
cumulant C2(0) of the zero sequence current i0=ia+ib+ic, 
compared with a simple threshold. 

  
Fig. 11. Artificial neural network used in classification stage, for identification 

of involvement of the monitored phase in the fault. 

 
Fig. 2 shows the result of fault classification considering the 

monitoring of phase A in the case of a fault involving phase A 
and ground. In (a), it can be seen the current waveforms. In (b) 
and (c), the error signals and cumulants are shown, 
respectively. The output of the neural network is shown in (d). 
The involvement of phase A in the fault is correctly identified. 
It must also be highlighted that all types of faults (100 %) 
were correctly classified using this idea. 

 
Fig. 12. Fault involving phase A and ground at 50 km from relay, with Rp=100 
Ω e φ=150º. Signals: (a) line currents; (b) output of notch filters; (c) 
cumulants and; (d) output of classification stage indicating that phase A is 
involved in this fault. 

C. Fault Location 

The fault location stage is now under study. However, a 
preliminary and very relevant result is shown. There is indeed 
a well-established relationship between fault distance and the 
trajectory described over time in a plot of cumulant 
components. In this case, artificial neural networks can be 
used for function approximation. 

Fig. 3 shows the results of the distance estimation for faults 
involving a single phase and the ground. After the training and 
validation processes, one hundred patterns of different faults 
were used to generate this figure. It can be seen that the ANN 
output provides an accurate estimation of the fault distance. It 
must be highlighted that, in operation of the proposed system, 
more than a single pattern is used for the location process. A 
series of consecutive samples feeds the network and the result 
can be provided by the statistical analysis of all estimations. In 
this case, if the data window used to design the location stage 
has its length equal to a quarter of the period, as shown in Fig. 
4, then 64 estimations are available to infer about the fault 
distance. 

 
Fig. 13. Fault location result: distance estimation by specific neural network 

for as function approximation. 
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V. CONCLUSIONS 

This paper presented a novel method for transmission line 
protection combining Higher Order Statistics and Artificial 
Neural Networks. The cumulants are used for feature 
extraction and the Neural Networks are employed as pattern 
classifiers. The results have shown that the new method is able 
to perform well all stages of a transmission line protection 
scheme, i.e. fault detection, classification and location. The 
results concerning these stages are very encouraging. In 
general, the main advantages of the proposed methodology 
related to conventional methods are the use of only current 
signals, economizing the voltage channels, as well as a better 
performance if compared to them. 

It can be concluded that the association of Higher Order 
Statistics and Artificial Neural Networks was successfully 
applied in the protection of transmission lines and it should be 
considered to replace conventional protections schemes. 
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