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Abstract 

An electrical power system is a network that generates, transmits, and distributes electricity from power stations to end 
users via a transmission line. This power system network is characterized by very lengthy transmission lines which 
often pass through different environmental topography making it possible for the transmission line to experience fault. 
A fault is an undesired disruption to the power system that disrupts the system network's regular operation. The need 
to quickly and accurately identify, classify, and locate these faults is very important as failure to do so will cause damage 
to the end users and losses to the transmission company. This problem has propelled a detailed review of the fault 
analysis in transmission network by exploring various scientific and engineering powerful simulation tools and reliable 
scientific methods like artificial intelligence (AI), machine learning (ML), signal processing techniques, and recent 
techniques used by researchers. The system quality such as voltage, and current are used in the analysis. Traditional 
and AI method for Fault detection, fault classification, and fault location are also discussed separately to give a better 
understanding of each method used in the individual fault analysis. This study presents a comprehensive review that 
guides the understanding of various techniques used in fault detection, classification and location analysis, alongside 
their results, test systems, and gaps in the literature. 
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1. Introduction

An electrical power network comprises generation, transmission and distribution subsystems. While the generation 
subsystem converts energy derived from primary sources into electricity, the transmission and distribution subsystems 
respectively transport electricity at high voltages over huge distances and supply power at stepped-down voltages to 
end users. A significant portion of the Nigerian transmission network comprises 330 kV transmission lines, and these 
lines are interconnected by transformers, circuit breakers, fuses, isolators, relays, and communication and control 
devices. While the transformers convert voltages from one level to another, the rest of the components provide the 
functions of fault detection and isolation, and overall system protection. These functions are especially important 
because transmission lines are mainly overhead, and the probability of faults occurring is non-negligible due to natural 
and man-made factors such as falling trees, natural disasters, impact of vehicles, and ageing equipment. Transmission 
line faults are classified into two types: series or open circuit faults, and shunt or short circuit faults, and over the years, 
several conventional methods have been developed to detect, locate, and resolve faults. These methods include 
impedance-based protection schemes, overcurrent protection, differential protection, traveling wave methods, and 
pilot protection schemes [1]. The conventional methods are widely used but they are beset with peculiar limitations. 
Fortunately, the application of Artificial Intelligence (AI) has significantly improved the operation of conventional fault 
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detection and transmission system protection techniques. AI-based techniques leverage on Artificial Neural Networks 
(ANN), Wavelet Transform, Fuzzy Interference, Decision Tree methods, Long Short-Term Memory (LSTM) techniques, 
Conventional Neural Networks (CNN) and many different hybrid combinations [2]. This paper critically reviews the 
application of those AI-based fault detection, fault location, and fault resolution techniques in transmission networks, 
using the Nigerian 330 kV transmission lines as a case study. In achieving this objective, Section 2 presents an overview 
of the Nigerian 330 kV while Section 3 deals with signal processing techniques relevant to fault detection. Section 4 
covers conventional fault classification, detection, and location, and this is followed by a review of the state of the art in 
harnessing AI techniques to improve fault detection and location in section 5. The future outlook for fault detection and 
protection of transmission networks is given in Section 6. 

2. The Nigerian 330 kV Transmission Network 

Construction of the 330 kV section of the Nigerian national grid started in 1968 and was designed to evacuate power 
from the Kainji hydro station to the eastern parts of the country [3]. The transmission network was subsequently 
expanded to include other major 330 kV transmission corridors linking key generating stations such as Jebba, Shiroro, 
Egbin, Afam, Delta (Ughelli), and Sapele to major load centers across the country. The integrated national grid was 
formed with these interconnections. The transmission network is divided into northern, south-western, and south-
eastern sections interconnected through critical transmission lines such as the Jebba-Osogbo, Osogbo-Benin, and Ikeja 
West-Benin axes. Over the years, additional 330 kV double-circuit lines such as the Ajaokuta-Gwagwalada and Jebba-
Kainji routes were developed to improve redundancy, flexibility, and bulk power transfer capability across the grid [4]. 
Several studies on the Nigerian 330 kV transmission network have consistently identified voltage fluctuation and 
instability as major operational challenges. These issues are largely attributed to long transmission distances, 
inadequate reactive power support, and uneven load distribution across the grid. Several researchers have investigated 
the extent of this problem by analyzing bus voltage profiles under steady-state conditions. For instance, a study of the 
Nigerian 28-bus 330 kV network reported that six buses violated the acceptable voltage limits of 0.9-1.0 pu, which 
indicate a significant drop in voltage stability within the system The affected buses included Kano with (0.936895 pu), 
Gombe with (0.908595 pu), Damaturu with (0.906397) pu, Maiduguri with (0.897593) pu, Yola with (0.9012) pu, Jos 
with (0.93719) pu [5]. To address these challenges, various solutions have been proposed by different researchers, 
primarily focusing on reactive power compensation techniques. In particular, the application of Flexible AC 
Transmission System (FACTS) devices has been widely recommended for improving voltage stability and enhancing 
power transfer capability. For example, it has been demonstrated that the integration of shunt compensation devices 
such as Static VAR Compensators (SVC) can effectively regulate bus voltages and reduce voltage deviations across the 
network [6]. 

Authors in  [7], analyzed the effect of static synchronous series compensators (SSSC) and thyristor-controlled series 
compensators (TCSC) on the voltage magnitude profile, active power losses, and reactive power losses. Their results 
indicate that with FACTS devices, the voltage profile of buses can be raised and power losses significantly mitigated. In 
a similar study, [8], SSSC was used to investigate system responses under the influence of three-phase faults. The power 
system network was modeled with PSAT software in MATLAB, and faults were introduced on bus 33 while SSSC was 
installed on line 21-28. The results obtained revealed that with the introduction of SSSC, appreciable damping of power 
system oscillation was achieved. Also, bus voltage profile was enhanced and this led to dynamic stability of the power 
system. Other notable studies that investigate the power transfer capability of the Nigerian 33 kV transmission network 
based on a 58-bus system and utilizing different types of FACTS devices include [9] and [10]. Their results indicate that 
unified power flow controller (UPFC) enhanced the power transfer capability of the network more than thyristor-
controlled series capacitor (TCSC) and interline power flow controller (IPFC). 

Fault occurrence is one of the major operational challenges affecting the Nigerian 330 kV transmission network, often 
leading to equipment damage, supply interruptions, and reduced system reliability. Effective and timely fault detection 
is therefore critical to maintaining grid stability and ensuring rapid system restoration. Existing studies indicate that 
the Nigerian 330 kV grid predominantly relies on conventional protection schemes such as overcurrent and distance 
relays for fault detection and isolation. These methods are widely used due to their relatively low cost, simplicity, and 
compatibility with the existing (legacy) protection infrastructure [11]. However, despite these advantages, conventional 
relay-based protection schemes often exhibit limitations, including slower fault detection, poor sensitivity under certain 
operating conditions, and delayed fault clearance, which can further exacerbate system instability and prolong outages 
[12], [13]. In response to these challenges, more advanced approaches based on hybrid and intelligent techniques are 
increasingly being explored. These include the application of artificial intelligence-based methods, which have 
demonstrated improved fault detection accuracy, faster response times, and enhanced system reliability, thereby 
reducing overall system downtime [14]. In [12]  an intelligent overcurrent relay for real-time protection of distribution 
network under fault conditions was utilized. The performance of the relay TMS values as obtained were compared to 
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the proposed and classical methods, showing over 18.67 % improvement in the operation times of the relay. In [15], 
overcurrent relay was used to detect fault in power system network's and also as protection scheme. The adaptive 
overcurrent protection scheme was applied in the IEEE 33-bus distribution network with and without DGs, for single 
and multi-DG penetration using both the ETAP and MATLAB software. In [16], support vector machine (SVM), was used 
for grid fault detection in active distribution networks. Simulated results shows that parameters of a real-life practical 
photovoltaic (PV) plant give much better output than the traditional reported methods when it comes to fault detection. 
[17] uses dual-tree complex wavelet transform (DTCWT) based squeeze net (SN) with optimized support vector 
machine (SVM) to detect fault in an inverter-fed EV. Voltage, current, and speed signals were measured at different 
faulty conditions, with the extracted data being processed to classified through the sucker-vulture optimization 
algorithm (SVOA) based SVM. In [18] a novel algorithm for fault detection in multi-terminal high DC network using the 
historical current series time data was implemented. In [13] fault detection directly proportional to the effect of the 
entire system was proposed with the protection performance acting effectively in terms of fault detection, classification, 
and location. 

3. Signal Processing Technique 

Signal processing techniques for fault detection is a process where signals sensor like current is been transform into a 
meaningful and moderate data in other to identify abnormalities that indicate a fault present in the power network. 
Several signal processing techniques can be used to identify signal changes that may indicate anomalies in a power 
system's operation. Fourier Transform, Wavelet Transform and S-Transform have become very popular and necessary 
tools in detection of transient’s state in power system network, diagnosis of transmission line faults, classification of 
faults and identification of the affected phases. Different signal processing techniques have been applied for classifying 
different types of transmission line faults in power systems. Most widely used signal processing techniques are the Fast 
Fourier transforms (FFT) and the Short Time Fourier Transforms (STFT). Wavelet transform and Discrete Wavelet 
Transform (DWT) are dominants signal analysis tool which is broadly used for fault classification in transmission lines. 
S-transform is an expansion of the concept wavelet transforms; it is a combination of STFT and CWT and it provide 
excellent time localization of current signals throughout fault conditions. It has suitably and accurately identified power 
system disturbances in [19, 20]. Recently used signal processing technique is discussed as follows: 

3.1. Wavelet Transform 

Wavelet transform is a mathematical tool that are used to convert the available data from time domain to frequency 
domain without losing any data in the time domain. The wavelet transform is extensively used in fault analysis in power 
system network. There are two wavelets transform namely; Continuous wavelet transform (CWT) and discrete wavelet 
transform (DWT). When finding the current, and voltage characteristics with respect to multiple band frequency, 
discrete wavelet transform is considered [21]. For discrete wavelet transform, the signal can be decomposed through 
high pass filter and low pass filter into an approximate with detail coefficients on them. Approximate coefficient happens 
to be the smoothed version of the original signal; in contrast the discrete coefficient is the high frequencies that made 
up the original signal. The approximate coefficients can also be decomposed into another high level of approximate and 
detail coefficients at the incoming signal of both high-pass filter and low-pass filter where  B1, B2, and B3, represents the 
approximation coefficients (ApCo)  of the decomposed signal at each level 1, 2 and 3. Similarly D1, D2, and D3 , 
represents the detail coefficients (DeCo) of the decomposed signal at each level 1, 2 and 3 as seen in Figure 1. 

 

Figure 1 Signal decomposition with high pass and low pass filter. 
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Selection of mother wavelet, and decomposition level is very importance in wavelet transform. Various mother wavelet 
has been compared with db10 having the minimum mean square deviation at signal restoration [22]. Four different 
mother wavelets can be utilized to evaluates the performance of six different machine learning (ML) algorithms for 
classifying power quality disturbances (PQDs), with statistical features extracted as feature input. Implementation of 
db4 wavelet for fault detection and recognition of faulty phase in a fifteen-phase transmission network was discussed 
in [23]. Similarly, db5 mother wavelet can be to detect and classify close in and remote end fault in transmission 
network.  

3.2. Short-Time Fourier Transform (STFT) 

In Fourier transform both frequency, and time coefficient domain are discrete. Discrete Fourier Transform (DFT) 
application and computation is done using Fast Fourier Transform (FFT). STFT is designed to overcome the challenges 
faced in FT. The characteristics of the frequency amplitude obtained from STFT is used in fault analysis by most 
researchers. In power system, fault currents and transient disturbances are basically non-stationary, thereby making 
some researchers to employ STFT to obtain a joint time and frequency representation of the signal. STFT has the ability 
to extract useful fault features such as amplitude distribution, transient energy, and dominant frequency changes, which 
are commonly used by many researchers in analysis of fault detection, classification, and high-impedance fault 
identification in power system [24]. [25], Proposes the use of STFT on DC micro grids for fault detection. STFT was 
applied to obtain the frequency spectrum from the fault time signal. [24] convert the measured voltage and current 
signals into time and frequency domains using the short-time Fourier transform (STFT) to produce a time-frequency 
energy map. In [26], short time Fourier transform (STFT) was proposed as a pre-processing step to acquire time-
frequency representation. The vibration images were diagnosed and classify with image classification transformer 
(ICT), inspired from the transformer’s natural language processing. Short Time Fourier Transform can be utilized for 
transmission line fault detection and classification. It is also used for identification of short duration PQDs which include 
voltage sags, swells, interruptions, transient oscillations and harmonic distortion. Power quality disturbances can be 
assessed by Short-Time Fourier Transform, these enhances PQ analysis under dynamic conditions. In [27] short-time 
Fourier transform was used as mathematical approach for mitigating or reducing harmonics filters in AC transmission 
system which results in transforming the signal into a domain giving information about time and frequency. [28], 
discusses various signal processing methods for power quality disturbance (PQ) classification, with short time Fourier 
transform (STFT) as one of the most effective and reliable methods. The review highlights the strengths and limitations 
of these techniques, focusing on their effectiveness in addressing non-stationary signal disruptions such as voltage sags, 
swells, harmonics, and transients. Similarly, [29], compared the performances between the DWT and the short-time 
Fourier Transform (STFT) in terms of accuracy and processing time for fault detection. In addition to this, the double-
detection technique was used to confirm the accuracy of fault detection with results showing that the proposed method 
is efficient for fault detection and classification.  

3.3. Stockwell-Transform (S-Transform) 

Analysis in [30] shows that wavelet and short-time Fourier transforms are combined to create the S-transform (ST), 
which overcomes their limitations in signal processing techniques. S-Transform (ST) has the capability to detect a fault 
in the power system when influence by noise. Because of this feature, it is very popular in detecting power system faults 
and power quality disturbances. S-transforms stand out for their capacity to combine local phase information that is 
absolutely referenced with a frequency-dependent resolution of time-frequency space, a feature that the wavelet 
transform lacks. The local spectral phase characteristics of the S-transform make it a popular for time-frequency 
representation. According to [31], who studied fault detection in HVDC transmission line using S-transform technique. 
Real-time fault detection with different type of faults in HVDC transmission line are simulated using PSCAD. The 
generated fault signals were analyzed using MATLAB software with S-transform effective detection of transient signal 
in time-frequency domain. This approach is an expansion of the Wavelet transform technique which is based on a 
moving and scalable localizing Gaussian window. The location of the fault may be determined by looking at the 
connection between the signal energy of faults and so-called path characteristic frequencies associated with fault 
travelling waves, which have a high amplitude around specific frequencies. S-Transform can be used to improve the 
functionality of existing distance protection by resolving the shortcomings during the fault detection process in case of 
fault occurrence in systems with a high penetration of power electronics-based generators. Reported results of the 
operation of commercial distance relays of four different vendors show that all relays experience difficulties during 
ungrounded faults [32]. [33], proposed a novel S–Transform techniques for identifying power system failures like line 
to ground, double line to ground, and three line to ground faults. These faults were discovered by using the S–Transform 
techniques, MATLAB/Simulink software was used to conduct this investigation [34] propose a novel approach for 
analyzing power system fault based on high frequency noise separately during series arc faults, it also investigates the 
effectiveness of detection approach for a variety of loads based on S-Transform method. Time-frequency analysis was 
used to pinpoint the exact location of the transmission line fault in [35]. Transmission line fault identification, 



Open Access Research Journal of Engineering and Technology, 2026, 10(02), 127-138 

131 

classification, and localization are all accomplished with the use of time-frequency transforms like the S-Transform and 
its variants.  

4. Conventional Fault Classification, Detection and Location Techniques 

Conventional methods widely used for fault detection, classification and location include:   

• Impedance Based Techniques  
• Travelling Wave Based Techniques  
• Fundamental Frequency Based Techniques 

Each of the traditional techniques is discussed in detailed in the subsequent section. 

4.1. Impedance Based Technique 

Impedance based technique is one of the most popular techniques used in the power network because of its simplicity, 
and economical value compared to other techniques. The foundational idea behind impedance-based technique is 
making use of the impedance value (s) from the measurement carried out in the fault location. Impedance based fault 
location techniques can be further categorized into one ended method and two ended methods 

One Ended Method: The majority of numerical relays typically use the one-ended approach for fault location. One-ended 
method uses the basic frequency components of current and voltage to locate fault. The one-ended impedance-based 
technique's algorithm is simple and straightforward and doesn't require a communication channel to collect data. 
Mathematically, equation (1) and equation (2) are used to implement One end method [36]. 

𝑉𝑆 = 𝑚𝑍𝐿𝐼𝑆 + 𝑅𝐹𝐼𝐹                                                                                                                                                        (1) 

𝑍𝐹𝑆 =
𝑉𝑆

𝐼𝑆
= 𝑚𝑍𝐿 + 𝑅𝐹

𝐼𝐹

𝐼𝑆
                                                                                                                                                (2) 

where 𝑉𝑆 is the source voltage, 𝑍𝐿 is the line impedance, 𝑅𝐹 is the resistance of the fault, 𝐼𝐹 is the fault current. 

In [37], one-ended impedance-based techniques was used to extract faulty line current. The extract faulty features serve 
as input to Artificial Neural Network (ANN) to locate all type of fault in the transmission line. The one-ended method 
determined remote end fault current, in order to increase the accuracy of the fault location algorithm. In [38], 
performance comparison of impedance-based fault location methods was carried out, with impedance parameter of the 
faulted line section being calculated as a measure of the distance to the fault.  

Two Ended Method: Unlike one ended method, two-ended method uses the measurements of voltage and current from 
both ends of a transmission line to locate fault. By comparing the data from both the sending and receiving ends, two-
ended method provides a more accurate estimation of the fault distance compared to the one-ended technique. 
Mathematically, the two-ended method frequently uses Equations (3) and (4). 

𝑓𝑑 =
𝑉𝑆𝐼𝑅−𝑉𝑅𝐼𝑆

𝐼𝑆𝐼𝑅𝑍𝐿
                                                                                                                                                                 (3) 

Or equivalently, in terms of apparent impedances measured at both ends: 

𝑍𝐹𝑆 =
𝑉𝑆+𝑉𝑅

𝐼𝑆+𝐼𝑅
= 𝑓𝑑𝑍𝐿 + 𝑅𝐹

𝐼𝐹

𝐼𝑆+𝐼𝑅
                       (4)  

where: 

𝑉𝑆, 𝐼𝑆 is the sending end voltage and current 

𝑉𝑅 , 𝐼𝑅  is the receiving end voltage and current 

𝑍𝐿 is the line impedance 

𝑅𝐹 is the fault resistance 
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𝑓𝑑 is the per-unit distance to the fault along the line 

In two-ended method, the fault location is found when the information obtained from both end of the network is equal 
[39, 40]. In [41] impedance-based fault location algorithms based on two-ends measurements was proposed. The 
developed rules were employed to obtain an index number of the transmission lines that fault location. These index 
numbers form the main constraint use in defining the PMU placement to determine the optimal placement of PMUs for 
state estimation observability and fault location observability.  

4.2. Travelling Wave Based Technique 

Travelling wave-based technique is used to overcome the limitations of impedance-based technique. Traveling wave-
based techniques are more accurate compared to impedance-based techniques; they primarily involve time 
synchronization and data sampling [42]. The mode of operation, the kind of fault in the system, the current transformer 
saturation characteristics, etc., have little effect on traveling wave-based techniques compared to impedance-based 
technique. Several studies have been carried out using a single terminal traveling wave-based method for fault location 
in a distribution network. This technique normally employed unsymmetrical fault specifically line to phase fault with a 
sampling rate of 10MHz. [43] applied travelling wave technique to locate fault in a multilateral distributed network, 
with result showing an exact, fast and accurate, as presence of distributed generations is not affected. Using multi 
terminal travelling waves-based technique to analyzed fault location have shown good accuracy with the use of two 
terminal approach [44]. Also, using a combination of single- and double-end techniques and travelling wave fault 
signature can accurately determine the exact fault location in the transmission network.  

4.3. Fundamental Frequency Based Techniques 

Fundamental frequency-based fault location techniques are the estimation of fault distance using voltage and current 
measurements at substations, primarily through impedance calculations or analyzing fault-induced by traveling waves. 
In [45] traveling-wave natural frequency using 10-ms current data from the single end was proposed. The proposed 
algorithm depends on peak frequency spectrum corresponding to the first peak as dominant frequency to calculate the 
fault location. The limitations of the proposed method were overcome in [46]. Fault location technique based on 
fundamental frequency positive sequence fault are frequently used. In [47]a new single-ended and communication-less 
method based on positive and negative sequence was superimposed to jointly tackle challenging task on fault location 
in transmission line. 

5. AI Techniques for Fault Classification, Detection and Location 

Accurate and precise detection, classification and location of fault type in power systems is very crucial due to the fact 
that it enables fast and accurate identification of abnormal conditions, they by enabling protection equipment to isolate 
only the impacted phase of the power system network while maintaining service continuity to un-affected phases. Due 
to complexity of power systems network, recent researchers on fault detection, classification and location have 
employed various AI techniques based on learning algorithm, and classifiers to detect, classify and locate fault in power 
system. In [48], an improved convolution Neural Network based fault detection and classification method with 
simulated data from MATLAB/Simulink was used to classify all fault type. Argumentation of those data was done using 
CGAN with result showing an effective classifier of the proposed method. [49] propose a novel self-attention 
convolutional neural network model for detection and classification of transmission line faults. Convolution neural 
networks can also be employed in transmission lines to detect and classify all fault types taking into consideration fault 
inception angles and distances. Probabilistic Neural Network (PNN) and Feedforward Neural Network (FNN) can also 
be utilized to classify fault. Probabilistic Neural Network (PNN) were employed to classify fault using simulated current 
signals as input to the neural network. The accuracy based on PNN model was 99.33%.  

Support vector machine was used to locate the actual fault distance in a long transmission line [50]. Boltzmann machine 
learning (BML) techniques was used to detect, classify and locate DC faults with application of traveling waves to 
produced transmission line faults. Multi-Machine Learning (ML) system architecture was utilized in [51], the proposed 
techniques use different ML models including Support Vector Machine (SVM) and K-Nearest Neighbours (KNN) to 
classify transmission line fault. Hybrid methods are also used in fault classification combining both signal processing 
technique, and artificial intelligence. Data mining techniques has become the new trends in fault classification. In [52] 
effective data mining tool was used to classify fault in a thyristor-controlled series capacitor compensated line. An 
advanced machine learning techniques for fault classification were proposed. Advanced digital signal processing (DSP) 
and time-frequency distribution technique for fault classification was utilized. Results shown that the proposed method 
was able to classify faults successfully by setting up thresholds obtained via IFDR index for different types of faults. 
Artificial Neural Network was employed in [53] to detect and classify all types of faults. Feature extraction was done 
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using wavelet transform, the extracted fault current serves as input to Artificial Neural Network (ANN). Result shows a 
good performance of artificial neural network for locating of faults using different angles, locations and resistance. Also, 
authors in [54] employed discrete wavelet transform to extract the fault current, in order to train the artificial neural 
network. Intelligent technique based on artificial neural networks was deployed for precise fault location. 

Detection and classification of high impedance fault using Fuzzy logic have proven to be very effective. Fault location 
can also be achieved using ANFISs [55]. Impedances features including magnitude and phase information of three-phase 
voltage and current usually serve as inputs for ANFIS training, and based on the result obtain maximum error is about 
4% for different fault conditions. ANFIS regression algorithms trained by the BP gradient descent method in conjunction 
with the least squares’ method used the norm entropy of main frequency coefficients (0–62.5 Hz), harmonic coefficients 
(62.5–500 Hz), and transient coefficients (500–4000 Hz) obtained by six-level DWT using Db4 as mother wavelet severs 
as inputs for transmission line detection and classification. The average error obtained was 0.25%. Support vector 
machine can also be utilized for transmission line fault detection and classification. In [56] support vector machine was 
employed for precise location of fault. The SVM algorithm offers some clear benefits when it comes to resolving location 
issues. Its prediction time is shorter compare to other techniques [57]. By utilizing the global optimal solution, the target 
detection classifier's accuracy can be guaranteed. But there are some drawbacks, such as the model of detection is long-
established [58]. In term of processing large-scale data set, time complexity and space complexity can increase linearly 
with respect to the increase in data set [59].    

Another smart AI technique used for fault detection, classification and location is distributed device-based. The 
distributed device-based approach frequently makes use of wide area protection. Devices in the field can communicate 
with the distribution network system in order to provide wide area protection. Devices employed in distributed 
protection scheme are, phasor measurement unit (PMU), intelligent electronic devices, (IEDs), digital fault recorders 
(DFRs), wide area measurement systems (WAMS) and a relay is integrated to improve the fault location.  

Research have been carried out on phasor measurement unit (PMU), for instance in [60] phasor measurement unit 
combined with the impedance matrix of the network was deployed to locate fault in IEEE 14 bus network. [61] uses 
phasor measurement unit (PMU) in addition to interval algorithm for fault location in distribution network. IEEE 34 bus 
was deployed as test case, with result showing flexibility and stability. [62] uses phasor measurement unit (PMU), 
combine with state estimation algorithm to validate fault location in distribution network. IEEE 37 node feeder was 
used as test case with validation showing 90 % accurate estimation for location of fault. Novel fault localization 
technique based on Phasor Measurement Units (PMUs) was also discussed. Key objective was to find the distance of the 
fault occurrence and to locate the fault point along with the latitude and longitude. The results show the effectiveness 
of the proposed technique to spot the exact fault point in the transmission lines. In [63], phasor measurement units 
(PMU) and short circuit analysis was proposed for location of fault in distribution network. The proposed method was 
categorized into two stages; estimation of fault using main feeder and estimation of fault using lateral feeder. The 
proposed method was verified through various fault situations in a test system. Authors in [64] all deployed phasor 
measurement units (PMU) in power system for localization of fault. Another distributed device-based technique used 
in location of transmission line fault is the intelligent electronics devices. [65] proposes the use of intelligent electronics 
devices for fault location based on sparse measurement. It uses Intelligent electronics devices (IEDs) installed in various 
station for fault location. The main aim was to locate fault under communication failure.  Intelligent electronic devices 
(IEDs) and sparse measurements tools was used to locate fault-section in a 69-bus, 12.66-kV distribution system with 
six distributed generations (DGs). Simulation results show that the method is robust for single-phase, double-phase, 
and double-phase to ground faults with high resistance under noisy condition. In [66] discrete wavelet transforms 
(DWT) and digital fault recorder (DFR) was combined to locate and capture the first arrival times of the fault-generated 
by traveling waves. Result shown that the proposed approach performs successfully irrespective of the unknown fault 
impedance, inception angle, and type. [67], presents a robust fault location method based on K-Means clustering of 
digital fault recorder (DFRs). The proposed algorithm is tested on both transmission and distribution systems under 
different fault. Wide-area fault location methods is one of the distributed device-based techniques. In this method, wide-
area monitoring system are applied to overcome the adverse situation by providing a viable solution to the fault location 
problem. In other words, by utilizing the data from a few monitor devices scattered throughout the network, wide-area 
fault location techniques can accurately identify the fault point within the entire large-scale transmission network. 
Authors in [68] proposed a synchronized algorithm based on non-linear optimization. By determining the voltage 
traveling wave arrival time at various sensor nodes in the network and dividing every transmission line at virtual bus 
nodes, a closed-form expression solution was found. In [69], multiple synchronized voltage measurements were utilized 
to model the fault location problem as a non-linear estimation problem, which was solved by applying a novel transform 
based on pre-fault bus impedance matrix to convert the non-linear problem to a linear weighted least-squares problem. 
Also, fault location without the need for GPS-synchronized sampling of wide-area measurements was proposed in [70]. 
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A linear reformulation of the problem allows for integrating unsynchronized voltage and current measurements, 
together with two auxiliary variables, into a linear least-squares problem. 

Hybrid AI technique is also one of the most used techniques in power system fault detection, classification and location. 
Most researcher uses the combination signal processing technique with artificial intelligent technique to extract 
important features detect, classify and locate faults based on those features respectively. Hybrid method which 
comprises of wavelet technique and artificial neural network was used to detect, classify and locate fault on Nigerian 
330kv transmission line. ANN tool box in MATLAB/Simulink R2018a was used to trained the data extracted with 
wavelet transform. Results showed a Mean Square Error (MSE) of 1.6856e-5 which indicate that the training 
performance is optimal. line. [71] uses continuous wavelet transform (CWT) and artificial neural network (ANN) to 
detect, classify and locate faults in a distribution system. To extract the transient signals features more accurately from 
all the buses, CWT was used. At first, the ANN was trained to detects faulty feeder from the power network, followed by 
identifying faulty line in the second stage. The final stage uses fault type and fault location to calculated the relaying 
point with the performance showing more promising as compared to traditionally used algorithms. Work done in [72], 
two hybrid technique was deployed to predict the location of fault. The first was discrete wavelet transform (DWT) with 
Adaptive Neuro-Fuzzy Inference system (ANFIS) and the second was discrete wavelet transform (DWT) with support 
vector machine (SVM). Wavelet transforms can also be combined with extreme learning machine (WT ELM) to detect, 
classify and locate transmission line fault. Decomposition of the three-phase current was done with the wavelet 
transform and input to the extreme learning machine was gotten from the output of the decomposed data gotten from 
the wavelet transform. In [73]Wavelet Transform (WT) was used for preprocessing to acquire the importance features. 
These features were feed into the SVM and RBFNN for fault distance estimation. Result shows a 0.21 percent fault error 
locality as compared to other tools used for researchers. Hybrid techniques have some limitation such as large data sets 
are required, the accuracy of the system is dependent on the amount of dataset, complex decision making in the relay 
output is required when making use of two methods.   

6. Future Outlook on Fault Detection and Protection in Transmission Networks 

While existing studies on transmission line and distribution system fault detection, classification, and location have 
mostly relied on well-established machine learning algorithms, rapid evolution of machine learning and data mining 
techniques presents more significant opportunities for advancing fault detection and protection schemes. The 
emergence of deep learning (DL) has introduced more powerful data-driven approaches which is capable of overcoming 
several limitations associated with conventional protection methods. The foundation of deep learning was established 
through the use of restricted Boltzmann machines (RBMs) and autoencoders for hierarchical feature extraction from 
raw data. Although structurally it is a good approach for power system fault detection and classification and similar to 
multi-layer feedforward neural networks (FNNs), DL models are basically distinguished by their ability to perform 
unsupervised or semi-supervised feature learning using large volumes of un-labelled data. The significant of this 
characteristic is to reduces dependence on handcrafted features and helps mitigate over-fitting and convergence to 
optima, which are common challenges in shallow learning models. Increasing availability in terms of high-resolution 
measurement data from intelligent electronic devices (IEDs), digital relays, and phasor measurement units (PMUs), 
combined with advances in computational power, has made the deployment of deep learning models feasible in modern 
transmission networks. Recent developments in DL have shown substantial improvements in fault detection and 
classification performance across various domains [74], this indicates strong potential for enhancement of power 
system fault detection and protection. 

Among deep learning architectures, convolutional neural networks (CNNs) have shown more effective in handling 
multi-channel time-series data [75]. This algorithm aligns naturally with power system fault analysis, since three-phase 
current and voltage signals are intrinsically synchronized in multi-channel sequences. CNN-based fault detection and 
classification approaches can effectively capture temporal patterns and inter-phase relationships, which enables more 
accurate and robust fault classification under complex operating conditions, such as noise, signal distortion, and 
changing system configurations. Going forward, the integration of deep learning into transmission network protection 
schemes is expected to support the development of adaptive, intelligent, and self-healing protection systems which is 
the major limitation in conventional method. Such systems can dynamically adjust the protection settings in order to 
improve fault discrimination under circumstance of high renewable energy penetration; this enhances resilience 
against evolving grid disturbances. Furthermore, the combination of deep learning with wide-area measurement 
systems and high-speed communication technologies will enable faster fault detection, classification and location, it will 
also coordinate the protection actions, and improved system-wide situational awareness. 

In summary, rule-based and static schemes for fault detection and protection in transmission networks will be replaced 
by data-driven, intelligent protection frameworks in the future. This is due to the reliability, speed, and adaptability 
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requirements of next-generation transmission systems which are expected to be meet large part by deep learning-based 
techniques that are backed by contemporary sensing and communication infrastructures. 

7. Conclusion 

This paper gives a detailed summary of most recent research in the field of power system fault detection, classification 
and location. As demand for power raises due to increase in population, there is need for quick detection, identification, 
and possibly mitigation of fault in other to protect the end users. Most recent research focuses on Machine Learning 
(ML) algorithm especially for fault classification. Signal processing technique has also proven to be very active in term 
of fault detection and classification. A detail review of fault detection, classification, and location has been discussed in 
the paper. Various techniques, methods are also discussed with prove of recent work carried out by researchers. 
Artificial intelligence techniques methods have proven 98% accuracy with less error in both identification, classification 
and localization of fault. Future work on latest trend in fault detection, classification and location can be looked into. 
This work offers foundational knowledge to researchers and scholars in the field of control and power system for fault 
analysis. 
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