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A  B  S  T  R  A  C  T  

Fault detection and classification in transmission lines equipped with Flexible Alternating Current 
Transmission System (FACTS) devices is one of the basic challenges in line protection. In the event 
of a fault on one side of this equipment, relays installed at the other terminal often struggle to detect 
the fault and determine the faulty phases due to control system interruptions in the line. The Series 
Static Synchronous Compensator (SSSC) is a series-connected device in transmission lines that 
addresses reactive power control challenges in the network. This study proposes a highly accurate 
and fast algorithm to detect and classify various short-circuit faults in transmission lines 
compensated with an SSSC. Crucially, the SSSC in this study is connected via its DC link to a solar 
photovoltaic (PV) farm, specifically utilizing Trina Solar Vertex N 210R-N-66 panels, allowing it to 
act as both a reactive power compensator and a means to seamlessly integrate this significant source 
of green energy into the grid. This integration highlights the method’s relevance to modern 
renewable energy systems, particularly in enhancing the protection and monitoring of solar-powered 
infrastructures. The algorithm analyzes voltage signals from one side of the line, employing a 
discrete wavelet transform and a decision-making algorithm. The proposed method was simulated 
and implemented for at least 4000 fault scenarios under normal and critical conditions. Based on 
the extensive fault scenarios and reported results, the algorithm's performance accuracy is estimated 
to be approximately 98%, demonstrating its potential in improving the reliability and performance 
of smart and green power systems. 

1. Introduction

1.1. Research motivation 

One of the challenges that the electricity industry is facing today is the increasing consumption of electrical energy and the 
inherent lack of capacity in transmission lines. Solving the problem of line congestion and maximizing the capacity of transmission 
and sub-transmission lines are always the main focus of experts in the electricity sector [1]. Various solutions, such as the 
construction of new lines, double or multi-circuit lines, transferring power generation closer to demand centers, implementing load 
management at the distribution level, or the use of reactive power compensators, have been proposed. While each method offers 
technical advantages, they often come with their own technical or even economic disadvantages. A harmonized approach has 
consistently been sought to tackle this fundamental challenge. One of the plans that has attracted significant attention globally, 
especially in widespread countries, is the utilization of Flexible Alternating Current Transmission Systems (FACTS) devices, which 
are new-generation reactive power compensators. The adoption of this type of compensator in the power system assists in 
compensating reactive power of the load on a wide level, releasing line capacity, and increasing the active power transmission 
bandwidth in the lines, which, in addition to this, are very effective in dynamic and stability issues [1-3]. 
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Furthermore, in the contemporary energy landscape, the imperative to transition towards sustainable and green energy sources 
has become paramount. Solar photovoltaic (PV) energy, with its abundance and environmental benefits, is a key component of this 
transition. Integrating large-scale solar farms into existing grid infrastructure, however, presents unique challenges, including voltage 
stability, power quality, and protection coordination. FACTS devices offer a promising solution by providing the necessary control 
and flexibility to seamlessly integrate such renewable energy sources. This integration is crucial for reducing carbon emissions, 
enhancing energy independence, and mitigating the impacts of climate change.  
However, a significant challenge with these compensation schemes lies in the protection of transmission lines. The presence of these 
compensators virtually alters line parameters, rendering traditional distance relay designs ineffective in such topologies; therefore, 
designing protection algorithms for this type of structure is one of the critical study challenges in this field. Amongst the most 
prominent FACTS devices, considered a primary reactive power compensator in transmission lines, is the Series Static Synchronous 
Compensator (SSSC). When an SSSC is installed in the transmission line, the exact time of fault occurrence and the type of faulty 
phases might be misinterpreted in this topology. This is because of the very impactful dynamics of the SSSC at the time of short-
circuit fault occurrence [1]. In this study, we specifically consider an SSSC whose DC link is connected to a solar farm, allowing for 
bi-directional power flow and enhanced grid support from renewable energy sources. This configuration adds another layer of 
complexity to fault detection and classification, but also offers significant advantages in terms of grid modernization and 
sustainability. Thus, according to the issues raised, the main challenge considered here is to address the problem of short-circuit 
fault detection and classification in SSSC-compensated transmission lines, particularly those integrated with solar power. 

1.2. A review of the literature and research gaps 

In general, the related studies and research conducted can be categorized into three basic groups based on series compensators 
in transmission lines. The problem considered in these three categories of issues is the discrimination of faults and non-fault 
conditions, and the identification of faulty phases in the transmission lines with these compensators. There are three basic categories 
of series compensators installed in the transmission system. Their division in this study is based on their technology. The first category 
includes the series capacitor compensator, which is fixed in the line and does not use any type of control switch. The second category 
is related to the thyristor-controlled series capacitor (TCSC) compensator, which belongs to the first generation of FACTS devices. In 
this type of compensator, control techniques are used to connect the capacitors to the circuit, but it still uses the static element of 
the capacitor in its structure. The third category of FACTS depends on the type of voltage source converter. The capacitor is not used 
in their structure, and the control operation is performed through a gate turn-off thyristor (GTO) switch and voltage source 
converters. The third type category is the most complete type of series compensator in the transmission line, whose degree of freedom 
and stability margin are much higher than the other two categories. 

• In references [4-9], as the first category of studies, fault detection and classification methods in transmission lines compensated 
with series capacitors are presented, which are reviewed in detail in the following. 

In reference [4], a method for detecting, classifying, and locating the faults in series capacitor-compensated transmission lines 
(SCTLs) is presented. Fault current signal analysis was adopted by using the combination of the discrete wavelet transform in the 
first level of samples and a machine learning technique. In reference [5], a method for detecting the type of faulty phase(s) in SCTLs 
is presented by relying on the training and learning method of neural networks based on measuring the current signal of one terminal. 
In this reference, the convolutional neural network based on least square error and least square regression with forgetting factor has 
been used. In reference [6], a protection method for fault identification and classification in series compensated transmission lines 
is introduced by considering the changes in instantaneous active and reactive powers. The measured quantities are drawn in a two-
dimensional coordinate system, as a result of which the geometric location of each pair of instantaneous active and reactive power 
forms a P-Q loci curve. The quadrant of the plane where the curve starts is selected as a reference, and the curve structure is examined 
to identify the fault according to the displacement of the starting point under different fault conditions. In this study, the polarities 
of the extracted powers are also used to classify the fault based on a decision tree. In reference [7], a new method for detecting and 
classifying faulty lines in double-circuit SCTLs is presented by analyzing the current signals of a terminal and using the energy 
content of the traveling wave arriving at the terminal. The proposed method in this reference has a good performance in detecting 
and classifying single-circuit and intra-circuit faults in this topology. Reference [8] suggests an approach to classifying the faulty 
phases in high-voltage SCTLs, where the current signal of one cycle from the terminals of one side of the line is investigated based 
on multi-resolution wavelet analysis and a support vector machine with different feature vectors. In reference [9], a method for 
determining faulty phases in SCTLs based on wavelet packet transform is presented. In this method, the db10 wavelet package is 
used to analyze the waveform of the faulty phase current to obtain the wavelet energy coefficients. 

• As the second category of studies, in references [10-18], fault detection and classification methods in TCSC-compensated 
transmission lines are presented, which are reviewed in detail below. 

In reference [10], a method based on the combination of minimal radial basis function neural networks and fuzzy neural networks 
is presented for classifying and locating the faults in lines compensated with TCSC. This requires the smallest number of neurons, 
fewer fuzzy rules, and less processing. In reference [11], a new approach based on a decision tree is presented to find the faulty area 
and categorize the faulty lines in the transmission lines compensated with TCSC and using the current signals of one terminal and 
zero-sequence voltage. In reference [12], a method for fault location and faulty line identification in transmission lines with a TCSC 
is discussed. The method uses the current signals of one terminal for the input of a binary and multi-class support vector machine 
solver. In reference [13], a method is introduced by adopting the support vector machine to recognize the type of fault in TCSC-
compensated transmission lines. The approach uses three-phase half-cycle current samples for fault detection. In reference [14], 
based on the superimposed energy method, a fault identification and categorization in TCSC-compensated transmission lines is 
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provided. In this reference, energy polarity analysis is used to identify fault occurrence within the zone and outside the zone. In 
reference [15], mathematical morphology is utilized to detect and classify faults in TCSC-compensated transmission lines. The 
method adopts the features of simplified mathematical morphology to analyze the current signals of a terminal in the transmission 
line. In reference [16], a fault detection and classification method for transmission lines with a TCSC linked to a wind farm is 
presented. The theory uses the distance relay comprehensive protection scheme based on the fuzzy characteristic curve in an adaptive 
way. The method is robust against fault resistance. In reference [17], a fault classification method in transmission lines with a TCSC 
is presented using the fault current analysis and support vector machine classifier method. The latter is very resistant to the saturation 
of current transformers and the presence of noise. In reference [18], a fault detection method during power fluctuation in 
transmission lines with a TCSC is provided based on three-phase current measurements of one terminal. The solution incorporates a 
decision tree to solve the mentioned challenge.  In the following, in references [19-24], as the third category of studies, fault detection 
and classification methods in SSSC-compensated transmission lines are presented, which are reviewed in detail below. 

In reference [19], a fault classification technique in transmission lines with an SSSC is introduced. It depends on the entropy 
technique combined with the wavelet in the time-frequency domain to analyze the current and voltage signals during the fault. In 
reference [20], a comprehensive distance protection scheme using the wavelet packet entropy analysis is used to solve the challenge 
of correctly detecting the faulty area in SSSC-compensated transmission lines. In this design, the frequency resolution has been 
improved at high-frequency levels. In reference [21], a fault detection and classification scheme in transmission lines with an SSSC 
is presented with relying on wavelet transform and regression trees. In this design, both the advantages of the resolution characteristic 
of the wavelet transform and Shannon entropy are used in the description of the signal characteristics and as the input of the decision 
tree. In reference [22], a fault detection and location scheme in SSSC-compensated transmission lines is discussed based on traveling 
wave theory. The method uses the wavelet transform and modal transform to analyze current and voltage signals. The main focus 
of this plan is to prevent the low-frequency interference created by the system when a fault occurs on the left and right sides of the 
SSSC. In reference [23], a pilot distance protection method is presented to enhance the distance relay’s performance in case of faults 
in SSSC-compensated transmission lines. The design can be implemented adaptively by digital relaying algorithms. In reference [24], 
an ultra-fast protection method based on wavelet transform is presented for internal and external fault discrimination in transmission 
lines with an SSSC by incorporating storage components. The design is resistant to the operation state of the compensator, and there 
is no need to utilize adaptive designs. 

Based on a comprehensive analysis of the existing literature cited in this study ([1]– [20]), we have identified several critical 
research gaps that directly motivate and justify the contributions of the proposed method. These are summarized below : 

1. Dependency on Current Signals and Dual-Terminal Measurements :Many previous works ([1], [3], [6], [12], [14]) rely on both 
voltage and current measurements, and some even require synchronized dual-terminal data. These approaches are vulnerable to CT 
saturation, require expensive infrastructure, and are impractical in weakly monitored or rural lines  . 

❖ Our method uses only single-terminal voltage, thus reducing cost, improving reliability, and simplifying deployment . 
2. Lack of Realistic Modeling for FACTS Devices Integrated with Renewables: While FACTS-based protection methods are explored 

(e.g., [5], [8], [10]), most assume idealized models of SSSC and neglect the complexity introduced by PV integration. The nonlinear 
dynamics of SSSC operation with a photovoltaic DC source are often not considered. 

❖ Our model includes a realistic PV-fed SSSC with dynamic interaction, reflecting real-world control behavior and voltage 
support characteristics. 

3. Generic or Arbitrary Use of Wavelet Transforms  : Prior wavelet-based techniques ([2], [11], [13]) often select decomposition 
levels arbitrarily and fail to justify the use of specific mother wavelets. Some focus on higher levels (e.g., CD4–CD6), ignoring the 
high-frequency transients essential for fast detection. 

❖ We use db6 with 9 levels and focus on CD1, which was empirically validated to be the most responsive to fault-induced 
disturbances.  

4. Limited Fault Scenarios and Lack of Stress Testing:  Many methods are validated only under ideal or limited operating 
conditions, with few works testing under high-resistance faults, noise, load fluctuations, or power oscillations ([4], [9], [15]). 

❖ We conducted over 4000 simulations, including 7 critical scenarios involving high-impedance faults, dynamic SSSC modes, 
zero-crossings, noise, and no-fault disturbances . 

5. No Integration with PV Source Behavior in Protection Logic: Very few works consider the impact of PV intermittency and 
power injection patterns on fault detection performance . 

❖ Our method maintains detection accuracy despite transient power variability from the PV-connected SSSC, which is critical 
for smart grid deployment. 

6. Threshold Selection Lacks Statistical Justification: Several studies use static thresholds or heuristics without quantitative 
calibration ([3], [10], [13]). 

❖ We employ a data-driven threshold strategy using a wavelet-energy-based statistical analysis derived from a comprehensive 
dataset of simulated events. 

7. Absence of Real-World Implementation Considerations : Some AI- or ML-based methods ([16], [17], [18]) are difficult to 
implement in real-time due to black-box behavior or excessive computational cost. 

❖ The suggested method is simple, interpretable, and suitable for relay-level implementation without complex hardware 
dependencies. 

These gaps directly shape the foundation of our proposed algorithm. We have designed the method to address real-world 
protection challenges in PV-integrated SSSC environments using a robust, scalable, and computationally efficient voltage-based 
wavelet technique. This ensures practical feasibility and scientific innovation aligned with the modern requirements of smart and 
renewable-rich power systems . 



M. Abasi Journal of Green Energy Research and Innovation 
 

              

70  

1.3.  Novelty and contribution 

The present study provides a high-performance approach to fault detection and classification in transmission lines compensated 
with an SSSC, specifically focusing on scenarios where the SSSC's DC link is connected to a solar photovoltaic (PV) farm utilizing 
Trina Solar Vertex N 210R-N-66 panels. This configuration is increasingly vital for integrating clean and green energy sources into 
the grid, but it also introduces complexities in grid protection. The proposed method uniquely utilizes only the three-phase voltages 
from one terminal on the fault side, enhancing its practicality and cost-effectiveness for such critical infrastructure. The measured 
voltage signals transform into a set of coefficients, specifically one approximate and nine detail coefficients, using the discrete wavelet 
transform with the db6 mother wavelet and a decomposition level of 9. The detail coefficient of level 1 from all three phases, 
combined with a decision tree-based process and predetermined threshold values proportional to the network under study and 
derived from the Otsu method, is effectively employed for robustly detecting and classifying various short-circuit faults, including 
Single-Line-to-Ground (SLG), Line-to-Line-to-Ground (LLG), Line-to-Line (LL), and Three-Phase (LLL) faults, on both sides of the 
SSSC. The technique was meticulously programmed in the MATLAB software environment and rigorously analyzed and evaluated 
across numerous normal and critical scenarios, including those reflecting the dynamic behavior associated with solar farm 
integration. The reported results consistently confirm the algorithm’s highly acceptable performance, demonstrating its potential to 
significantly enhance the reliability of modern power grids relying on renewable energy.  
The key innovations of this paper are presented below: 

1. Design and implementation of a faulty phase detection algorithm for transmission lines utilizing SSSC with solar-powered 
energy sources. 

2. Formulation of a faulty phase detection algorithm for transmission lines based on local terminal voltage signal analysis. 
3. Development of a faulty phase detection algorithm leveraging traveling wave characteristics and wavelet transform techniques. 
4. Establishment of a faulty phase detection algorithm independent of fault section identification in relation to SSSC. 

1.4. Paper organization 

The remaining sections of the paper are introduced here. Section 2 provides the methodology, the suggested algorithm, and the 
complete flowchart of the problem. Section 3 reports the results of implementing the algorithm in the software platform. Section 4 
describes the sensitivity analysis reports of the algorithm. The conclusions and a summary of the paper are given in Section 5.  

2. The proposed method 

2.1. Structure of the network under study 

The test network is introduced in a general way. According to Figure 1, the network considered in this paper consists of two 
Thevenin’s equivalent circuits, which are considered main networks and are interconnected via a transmission line between terminals 
T1 and T2. In this structure, a dynamic load that is a reactive power consumer is connected to terminal T2. An SSSC is located in the 
middle of the line to compensate for reactive power and also to control dynamic load fluctuations. In the current study, three-phase 
voltages measured at terminal T1 are sampled by a transducer with a sampling frequency of 10 kHz and are provided to the algorithm 
for fault detection and classification. 

 

 
Figure 1. Single-line diagram of the test system. 
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2.2. Formulation 

This subsection presents the formulation of the problem. Discrete Wavelet Transform (DWT) is utilized to establish the proposed 
algorithm. By analyzing the three-phase voltage signal at different levels, extracting accurate and approximate coefficients from low-
pass and high-pass filters, and designing a comparison algorithm based on an innovative decision tree, a method for detecting the 
faulty phase(s) has been presented. In the following, the theory of DWT is presented first, and then the proposed method to solve 
the challenge of classifying the faulty phases in a topology compensated with SSSC will be presented. 

2.2.1. DWT theory 

Wavelet theory was proposed a few decades ago for the analysis of non-stationary signals. Due to its oscillating characteristic, 
the wavelet provides the conditions to perform a time-frequency analysis of the signal. Similar to the Fourier transform, the wavelet 
of a signal can be expanded based on the mother and daughter wavelets. Wavelet functions are obtained from a function called the 
mother wavelet, and these functions are called daughter wavelets. Each daughter wavelet is created by scaling and shifting the 
mother wavelet. Like the Fourier series, if we consider 𝑐𝑗  as wavelet coefficients and 𝑤𝑗(𝑥) as the mother wavelet set, the function 
𝑓(𝑥) is expanded in the form of Equation (1). 

𝑓(𝑥) = ∑ 𝑐𝑗𝑤𝑗
(𝑥)𝑚

𝑗=0    (1) 
In Equation (1), m+1 is the total number of coefficients and 𝑀 = 2𝑚 − 1 is the number of levels in the wavelet transform. Finally, 

after applying the wavelet functions at different levels, 𝑓(𝑥) can be expanded in the form of Equation (2). 
𝑓(𝑥) = 𝑐0φ(𝑥) + ∑ ∑ 𝑐2𝑖+𝑘𝑤(2𝑖𝑥 − 𝑘)2𝑖−1

𝑘=0
∞
𝑖=0    (2) 

where, φ(𝑥) is called the scale function. Theoretically, the wavelet transform of a signal can be continued up to infinity, but the 
number of wavelet transform levels depends on the type of analysis and the need we have to extract different frequencies from the 
signal. So, in Equation (2), the upper limit of parameter i is set to the number M, which is the last level required for the wavelet 
transform. Suppose we expand the function f(x) at the (j+1) th level using only the scale functions  φ𝑗+𝑘(𝑥), where j is the number 
of the level and k is the position of the scale function. The coefficients that express the relationship between the function 𝑓(𝑥) and 
the function 𝑓(𝑥) can be represented by a, which is taken from the word "approximation", as given in Equation (3). 

𝑓(𝑥) = 𝑎1φ(𝑥) + 𝑎2φ(2𝑥) + 𝑎3φ(2𝑥 − 1)+. ..                                                                               (3) 
which are obtained from Equation (4) by considering the orthogonality condition of the scaling functions of coefficients a. 

𝑎j+1(k) =  2j+1 ∫ f(x)φ(2j+1 x − k)dx                                                                                              (4) 
Finally, having a coefficient, f(x) is written as Equation (5): 

𝑓(𝑥)  =  ∑ 𝑎𝑗+1𝑘 (𝑘)φ(2𝑗+1𝑥 − 𝑘)                                                                                                      (5) 
Now, with a lower level, i.e., up to the jth level, if we expand the function f(x) mentioned in Equation (6) using scale functions 

and wavelet functions, the coefficients obtained from wavelet functions are shown by the letter d, which is derived from the word 
“detail”.  

𝑓(𝑥)  =  ∑ 𝑎𝑗𝑘  (𝑘)φ(2𝑗𝑥 − 𝑘) +  ∑ 𝑑𝑗𝑘  (𝑘)𝑤(2𝑗𝑥 − 𝑘)                                                               (6) 
where, 𝑎𝑗(𝑘) and 𝑑𝑗(𝑘)  can be described using Equations (7) and (8). 

𝑎𝑗(𝑘)  =  2𝑗 ∫ 𝑓(𝑥)φ(2𝑗𝑥 − 𝑘)𝑑𝑥                                                                                                    (7) 
𝑑𝑗(𝑘)  =  2𝑗 ∫ 𝑓(𝑥)𝑤(2𝑗𝑥 − 𝑘)𝑑𝑥                                                                                                    (8) 

By inserting the scale function φ(𝑥) and the wavelet function 𝑤(𝑥), Equations (7) and (8) will become as Equations (9) and (10), 
respectively [25]. 

a𝑗(k)  =  2j ∫ f(x) 〈∑ g0n (n)φ(2(2jx − k) − n)〉 dx                                                                      (9) 
 d𝑗(k)  =  2j ∫ f(x) 〈∑ g1n (n)φ(2(2j+1x − 2k) − n)〉 dx                                                             (10) 

By swapping integral and sum operators, Equation (9) can be expanded first as Equation (11) and finally as Equation (12). 
𝑎𝑗(𝑘)  = 2𝑗 ∑ 𝑔0(𝑛) ∫ 𝑓(𝑥)φ𝑛 (2𝑗+1𝑥 − 2𝑘 − 𝑛)𝑑𝑥                                                                       (11) 

And if 2𝑘 + 𝑛 = 𝑚, then we have Equation (12): 
𝑎𝑗  (𝑘)  = ∑ 𝑔0 (𝑚 −  2𝑘)2𝑗  ∫ 𝑓(𝑥) φ(2𝑗+1𝑥 − 𝑚)𝑑𝑥                                                                  (12) 

And finally, after equating, Equation (12) can be expanded as Equation (13), where ℎ0(𝑛) are coefficients of the decomposer 
high-pass filter. 

𝑎𝑗(𝑘)  =  
1

2
∑ 𝑔0 (𝑚 − 2𝑘)𝑎𝑗+1 (𝑚)  =  ∑ ℎ0𝑚 (2𝑘 − 𝑚)𝑎𝑗+1(𝑚)                                                (13) 

And if we write the same equations for Equation (10), finally, we can reach Equation (14) without providing intermediate 
relations. where ℎ1(𝑛) are coefficients of the decomposer high-pass filter. 

𝑑𝑗  (𝑘)  =
1

2
 ∑ 𝑔1 (𝑚 − 2𝑘)𝑎𝑗+1 (𝑚) =  ∑ ℎ1 (2𝑘 − 𝑚)𝑎𝑗+1 (𝑚)                                                (14) 

Equations (13) and (14) are the main relations of the discrete wavelet transform. These two equations state that every discrete 
data set can be divided into two categories. The first category is the details that are obtained by passing the information through a 
high-pass filter, and the second category is the estimate that is obtained by passing the information through a low-pass filter. 



M. Abasi Journal of Green Energy Research and Innovation 
 

              

72  

 In Equations (13) and (14), a concept called decimation is used. In the literal sense, decimation means choosing one object from 
among 10 objects, but in the above equations, it means choosing one among the numbers output from the filters. This action is also 
called down-sampling. The opposite of decimation is the act of interpolation, that is, placing one number between two other numbers. 
This concept is used in the reconstruction of signals whose wavelet coefficients are available. According to the concept expressed in 
the wavelet transform, M in the discrete wavelet transform is 2 [26,27]. In other words, the relationship between input (𝑥(𝑛)) and 
output (𝑦(𝑛)) is as follows: 

𝑦(𝑛) = 𝑥(2𝑛)                                                                                                                                     (15) 
Finally, the basic structure of the discrete wavelet transform can be shown in Figure 2: 
In Figure 1, 𝑢𝑑(k) and 𝑢𝑎(k) are obtained from Equations (16) and (17): 

𝑢𝑑(k)  =  ∑ h1 (k − n)aj+1 (n)                                                                                                         (16) 
ua (k)  =  ∑ h0 (k − n)aj+1(n)                                                                                                          (17) 

With decimation, Equations (16) and (17) can be written as Equations (18) and (19). 
 dj (k)  = ∑ h1 (2k − n)aj+1 (n)  =  ∑ h1 (n)aj+1 (2k − n)                                                            (18) 
a𝑗(k)  =  ∑ h0  (2k − n)aj+1 (n)  = ∑ h0 (n)aj+1 (2k − n)                                                           (19) 

If we decompose an arbitrary signal with the coefficients of the decomposing filter (ℎ0(𝑛) and  ℎ1(𝑛)) by using the coefficients of 
the reconstruction filters (𝑔0(𝑛) and  𝑔1(𝑛)), the original signal will be re-established. If signal f(k) is a discrete function, its wavelet 
transform can be described in the form of Equations (20) and (21), where d(k) represents the coefficients of the wavelet transform 
of signal f at the first level, and other numbers obtained from the signal decomposition are an estimate of the signal. 

𝑑(𝑘) = ∑ ℎ1
𝑁−1
𝑛=0 (2𝑘 − 𝑛)𝑓(𝑛) = ∑ ℎ1

𝑁−1
𝑛=0 (𝑛)𝑓(2𝑘 − 𝑛)                                                             (20) 

𝑎(𝑘)  = ∑ ℎ0
𝑁−1
𝑛=0  (2𝑘 − 𝑛)𝑓(𝑛)  = ∑ ℎ0

𝑁−1
𝑛=0  (𝑛)𝑓(2𝑘 − 𝑛)                                                           (21) 

In this paper, to analyze the three-phase signal measured from terminal T1, level 9 wavelet signal analysis is used. The selection 
of level 9 for wavelet decomposition was made based on extensive testing under various fault conditions. In over 4000 simulated 
fault scenarios—including SLG, LLG, LL, and LLL faults—level 9 decomposition using the db6 mother wavelet provided the most 
consistent and discriminative CD1 coefficients across all three phases. Higher decomposition levels enable better isolation of the 
high-frequency transients generated by different fault types, especially those masked by the dynamic behavior of the SSSC and the 
intermittent output of the connected PV system. Lower levels (e.g., 4 to 7) resulted in insufficient frequency resolution, causing 
overlap between fault and non-fault events, while levels above 9 increased computations without noticeable performance gain. Thus, 
level 9 offered an optimal trade-off between resolution and efficiency, ensuring precise classification of faulted phases with minimal 
complexity. This empirical tuning was a key step in maximizing the detection accuracy of the proposed method. After extracting CD9 
from the voltage of all three phases and using a decision tree-based plan depending on the threshold values, it is possible to detect 
a fault and categorize the faulty phases. Figure 3 shows the decomposition diagram of a signal into estimated and detailed coefficients 
in level 9. The selection of this level for the analysis of the raised problem was done by trial and error and experimentally in the 
implementation of different fault scenarios. At this level, the algorithm’s performance is the best performance state with the least 
error [28]. 

 
Figure 2. Signal decomposition into two levels. 

 

 
Figure 3. Diagram of decomposing signal into nine levels. 
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2.2.2. Describing the logic of the proposed algorithm 

In this subsection, the aim is to present the logic of the algorithm according to the results of applying the wavelet transform on 
the three-phase voltage signal.  This study exclusively uses three-phase bus voltage signals at terminal T1 for fault detection and 
classification. This choice is deliberate and offers practical benefits. Voltage signals are more stable and reliable than current signals, 
especially under severe fault conditions where current transformers (CTs) may saturate and distort measurements. Voltage 
transformers (VTs), on the other hand, are less affected by such distortions. Additionally, using only voltage reduces sensor 
requirements, simplifies implementation, and lowers costs—making the method well-suited for real-world applications, particularly 
in smart grids with integrated renewable energy. It also ensures robust performance by minimizing the influence of current variations 
caused by load changes or PV power fluctuations.  Overall, this design enhances reliability and is considered one of the key strengths 
of the proposed method. According to the results of the coefficients extracted from the wavelet transform used for the three-phase 
voltage signal, the fault detection and classification algorithm is defined as follows in different parts. The theory presented uses three 
threshold values, namely, Thr0, Thr1, and Thr2, whose values are obtained in a per-unit system based on the implementation of at 
least 4000 scenarios. In the simulation section, the numerical values of these thresholds are given according to the network under 
study. 

 

A. Fault detection 
At this level, it must first be determined whether a fault has occurred at all or not. To implement this problem, the maximum 

value of the detail coefficient 1 (MAX_CD1) can be used. If MAX_CD1 exceeds Thr0 for even one of the phases (a, b, c), then a fault 
must have occurred. The reason is that if at least one phase is involved in a fault, then high-frequency fluctuations of that phase will 
be higher than the predetermined threshold value, and a fault must have appeared. If there is no fault, CD1 in a pre-unit system is 
almost zero, but when a fault occurs, the high-frequency fluctuations of the voltage of that phase increase, so in this case, a fault 
must have happened, but its type is not clear at this stage. 

 

B. Ground fault detection 
If the value of MAX_CD1 of two phases is greater than Thr1 (the threshold value), or MAX_CD1 of all three phases is less than 

Thr2, then no ground fault has occurred; otherwise, if one of the rules is rejected when a non-grounded fault occurs, the high-
frequency oscillation behavior of at least two phases relative to the other phase increases from the threshold value of Thr1, which is 
several times greater than Thr2. If it is a grounded fault, MAX_CD1 will never increase from the Thr3 because some of the fault 
energy is damped through the ground, which causes high-frequency oscillations in the faulty phases in at least one of the faulty 
phases smaller than Thr1. Also, if the MAX_CD1 values of all three phases are smaller than Thr2, then it is a non-ground fault that 
can cover the three-phase state. Otherwise, a ground fault must have occurred. 

 
C. Faulty phase(s) detection 
 

This case itself is divided into two parts, which will be discussed separately in the following. 
Case 1: The fault is phase-to-phase. In this case, if the MAX_CD1 of two phases is greater than the threshold value of Thr1, it 

means that the fault must have occurred in those two phases; otherwise, the fault is a three-phase type.  
Case 2: The fault is in the form of phase(s) to ground. In this case, the fault occurs either as LG or LLG. If the fault is LG, the 

MAX_CD1 of that phase will be higher than the other two phases, and also the MAX_CD1 of the other two phases will be lower than 
Thr2. However, in the case the fault is LLG, then MAX_CD1 of the faulty two phases will be higher than MAX_CD1 of the non-fault 
phase, and at the same time, MAX_CD1 of the faulty phases becomes larger than Thr2; otherwise, the fault is a LLLG.  

The threshold values Thr0, Thr1, and Thr2 used in the proposed fault classification algorithm were derived through a rigorous 
multi-stage process involving signal processing, empirical analysis, and classification validation. These thresholds serve as 
discriminators to identify faulty phases under various fault types by evaluating the behavior of voltage waveforms using wavelet-
based energy signatures. The voltage signals at terminal T1 were processed using the discrete wavelet transform (DWT) with the db6 
mother wavelet at decomposition level 9. This setup was chosen to capture transient components localized in the high-frequency 
range — typically caused by abrupt impedance discontinuities during fault inception. Among all decomposition levels, detail level 1 
(CD1) was found to be the most sensitive and consistent in revealing fault-related variations across different phases. To calibrate the 
thresholds, we simulated over 4000 fault scenarios encompassing: 

- All major fault types (SLG, LL, LLG, LLL), 
- Wide fault resistance variation (1–100 Ω), 
- Different inception angles and times (6.5–9 s), 
- Both left-side and right-side positions with respect to the SSSC. 
For each scenario, the CD1 energy peak of each phase was recorded, normalized, and categorized. Using statistical methods 

inspired by Otsu-based clustering, the optimal thresholds were selected such that intra-class variance (between faulty and non-faulty 
phase energy levels) was minimized. Threshold Thr0 acts as the primary activation level, distinguishing between faulty and healthy 
phases. Thr1 and Thr2 serve as secondary criteria to refine fault classification in the presence of overlapping waveform energies, 
particularly under low-resistance or remote faults where waveform energy is less pronounced. The derived thresholds are thus 
specific to the signal dynamics of the test system, shaped by the SSSC's real-time compensation behavior and the intermittency of 
the PV source. This tuning strategy enhances faulty phase identification accuracy and reduces misclassification in complex operating 
environments. 
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2.3. Pseudo-code of the proposed algorithm 

In this part, the general program related to the proposed algorithm is given in several levels in Figure 4. 
START 
Stage 1. Calling the three-phase voltage signal of the terminal 
 Vt=Vabc.Signals. values'; 
Stage 2. Run the wavelet transform 
wpt = wpdec(P,9,'db6'); 
cfs = abs (wpcoef(wpt,[9 0])); 
 For Level=1 to 9 
wpt = wpdec(P,9,'db6'); 
cfs = abs (wpcoef(wpt,[ Level 1])); 
 End 
Stage 3. Fault detection and classification 
 3.1. Determining threshold values, calculating peak values , and defining error flags 
 3.2. Fault detection unit 
  For all phases 
   If peak values are greater than the threshold value 
    Fault Flag = 1 
   Else 
    Fault Flag = 0 
  End 
 3.3. Ground fault detection unit 
  If Fault Flag = 1 
   For all phases 
       If  PeakVal of two phases is greater than Thr1 OR Three of  PeakVal are less than Thr2 
Ground Flag = 0 
       Else  
    Ground Flag = 1 
                     End 
   End 
  Else 
   Display "No Fault" 
  End 
 3.4. Phase-to-phase fault detection unit 
  If Ground Flag = 1 
   For all phases 
       If  PeakVal of two phases is greater than Thr1 
Phase-to-phase fault detected in these two phases 
       Else  
    Three-phase faults 
                     End 
   End 
  End 
 3.5. phase(s) to the ground fault detection unit 
  If Ground Flag = 1 
   For all phases 
       If  PeakVal of one phase is greater than PeakVal of two phases 
 AND 
            PeakVal of two phases Less than Thr2 
  One phase to ground fault 
       Else if  PeakVal of one phase is less than PeakVal of two phases 
        AND 
                   PeakVal of two phases Greater than Thr2 
  Two-phase-to-ground fault 
                     End 
   End 
  End 
END 

 
Figure 4. Pseudo-code of the proposed algorithm. 
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3. Software simulation and results analysis 

3.1. Normal operation 

Now we introduce the network under study in the MATLAB/Simulink software. According to Figure 5, this network includes two 
main grids with a 500 kV voltage level and 1400 MVA power, which feed a dynamic load with a power of 220 MVA through a 100 
km line. The complete information of this network for implementation in the MATLAB/Simulink software is given in Table 1. Since 
the reactive power demand of the dynamic load is assumed very high in this network, an SSSC based on a power oscillation damper 
(POD) has been adopted to provide this reactive power and also to control the desired load. According to the intended goals, the 
considered SSSC is located in the middle of the 100 km line. Under fault-free conditions, the performance of the network under study 
in the presence of SSSC has been investigated in terms of compensating for the reactive power demanded by the load. The considered 
dynamic load consumes 0.8 p.u. amount of reactive power. In this simulation, the moment the SSSC is switched to the network is 
considered 5 seconds after the start of the simulation. The reference value of vq is set at 0.05 p.u. After switching on the SSSC, a 
part of the reactive power demanded by the dynamic load is supplied through the SSSC, and the reactive power output of the 
connected networks in both terminals is reduced. Figure 6 displays the three-phase voltage and current measured from two terminals 
on both sides of the fault. Also, according to Figure 7, the reactive power demand of the load, reactive power injected by the SSSC, 
and reactive power produced by the networks connected to the terminals are measured in this case. Figure 7 shows that when the 
SSSC switches on the circuit at the moment t = 5 s, the SSSC injects reactive power equivalent to 1 p.u. into the transmission line. 
Concurrently, the power consumption of the load has not changed, but this injected power compensates for a part of the reactive 
power demand of the load, and for this reason, the production power of networks 1 and 2 decreases. Moreover, to examine the 
performance of the SSSC control system, the reference and actual values of vq followed by the POD controller are plotted in Figure 
8. As it is observed, at t = 5 s that the SSSC is switched on, q-axis voltage follows the reference value with high accuracy and injects 
part of the reactive power demand of the load into the network. Figure 8 also demonstrates that the SSSC controller can follow the 
reference value of 0.05 p.u. with high accuracy and thus inject the predicted reactive power into the network. By increasing the 
power ratio of SSSC, compensation can be done in such a way that all the power demand of the dynamic load is fed by the 
compensator, and the reactive power produced by the main grids reaches zero. 

 
Figure 5. Three-phase diagram of the test network in MATLAB simulation environment. 

Table 1. Data of the test network for MATLAB simulation. 
Value Line parameters 
0.02546 Positive-sequence resistance (R1) (Ω/km) 
0.3864 Zero-sequence resistance (R0) (Ω/km) 
0.00093 Positive-sequence inductance (L1) (H/km) 
0.0041264 Zero-sequence inductance (L0) (H/km) 
1.27×10-8 Positive-sequence capacitance (C1) (H/km) 
7.751×10-9 Zero-sequence capacitance (C0) (H/km) 
50 Length of the line segment (km) 
50 Line frequency (Hz) 
Value Synchronous generator parameters 
13.8 Rated voltage (kV) 
1.305 Xd (p.u.) 
0.296 Xd' (p.u.) 

GND 

C 
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0.252 Xd" (p.u.) 
0.474 Xq (p.u.) 
0.243 Xq" (p.u.) 
0.18 Xl (p.u.) 
50 Frequency of power sources (Hz) 
1.01 Td' (s) 
0.053 Td" (s) 
0.1 Tq0" (s) 
0.0028544 Rs 
3.7 H (s) 
32 Pair of poles 
-58.9841 Initial angle (deg) 
0.763417 Initial current of phases a, b, c (p.u.) 
14.3746 Initial angle of phase a (deg) 
-105.625 Initial angle of phase b (deg) 
134.375 Initial angle of phase c (deg) 
1.2256 Excitation voltage (p.u.) 
Value Parameters of generators’ three-phase transformers 
2100 Rated power (MVA) 
50 Frequency (Hz) 
13.8 Primary voltage (kV) 
500 Secondary voltage (kV) 
0.002 R1 (p.u.) 
0 L1 (p.u.) 
0.002 R2 (p.u.) 
0.12 L2 (p.u.) 
500 Rm (p.u.) 
500 Lm (p.u.) 
Star-delta Connection type 
Value Characteristics of the dynamic load 
500 Rated voltage (kV) 
50 Rated frequency (Hz) 
2.2×109 Active power (W) 
0.8×108 Reactive power (Var) 
1.00208 Primary positive-sequence voltage (p.u.) 
20.9514 Primary positive-sequence angle (deg) 
Value Characteristics of the SSSC 
500 Rated voltage (kV) 
50 Rated frequency (Hz) 
100 Rated power of the series converter (MVA) 
0.1 Injected voltage (p.u.) 
0.00533 R (p.u.) 
0.16 L (p.u.) 
40000 DC-link voltage (V) 
0.000375 DC-link capacitance (F) 
Value Trina Solar- 210R-N-66 
700 Module power (W) 
22.5 Module Efficiency (%)  
17.44 ISC (A) 
49.4 VOC(V) 
43.2 Maximum Power Voltage-VMPP (V) 
9.96 Maximum Power Current-IMPP (A) 
43 NOCT (Nominal Operating Cell Temperature) 
25 Max Series Fuse Rating (A) 

 

 
Figure 6. Three-phase voltages measured on terminals T1 and T2 of the transmission line. 
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3.2.  Fault scenarios and results analysis 

In this part, the goal is to evaluate the algorithm in different fault scenarios in the transmission line compensated with SSSC. 
According to the network modeled in Figure 5 and also the pseudocode of the algorithm in Figure 4, the threshold values of this 
network are equal to 0.05, 1.7, and 0.6, respectively. These threshold values have been obtained in a per-unit system based on the 
implementation of at least 4000 fault scenarios. To evaluate the proposed algorithm, the three-phase voltages of terminal T1, as well 
as the threshold values, are needed. In the following, five scenarios are used to test the proposed algorithm. These scenarios have 
been implemented for different points of the line on both sides of the SSSC, as well as for different resistance values and different 
phases. According to the results presented in the implementation of the scenarios, the algorithm’s performance is assessed as very 
favorable. 

Scenario 1: In this scenario, an AG fault appears 80 km away from terminal T1 with R = 10 Ω at t = 7 s. The three-phase voltage 
diagram of terminal T1 in the time domain is given in Figure 9. After measuring this voltage and applying DWT and extracting CD1 
according to Figure 10 for all three phases and measuring the maximum values of this detail coefficient and comparing them with 
the threshold values and with each other, according to the flowchart in Figure 4, the implementation result is given in Figure 11, 
where the performance of the proposed algorithm is evaluated as very favorable. 

 

 
Figure 7. The reactive power demand of the dynamic load, the reactive power injected by SSSC on Terminal 2, and the reactive power generated by the 

networks connected to Terminals 1 and 2. 
 

 
Figure 8. Real and reference va values tracked by the POD controller. 

 
Figure 9. Three-phase voltage of terminal T1 in accordance with the implementation of Scenario 1. 
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Scenario 2: In this scenario, an AG fault appears 30 km away from terminal T1 with R = 10 Ω at t = 8 s. The three-phase voltage 
diagram of terminal T1 in the time domain is given in Figure 12. After measuring this voltage and applying DWT and extracting CD1 
according to Figure 13 for all three phases and measuring the maximum values of this detail coefficient and comparing them with 
the threshold values and with each other according to the flowchart in Figure 4, the result of implementation is shown in Figure 14, 
where the performance of the proposed algorithm is evaluated as very favorable. 

 

Figure 10. Detail coefficients of level 1 of all three phases a, b, and c, corresponding to the three-phase voltage of Terminal T1 in Scenario 1. 

 
Figure 11. The performance results of the algorithm in detecting a fault, detecting whether the fault is grounded or not, and detecting the faulty phases 

in Scenario 1. 

 

Figure 12. Three-phase voltage of terminal T1 according to the implementation of scenario 2. 
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Scenario 3: In this scenario, an ABG fault occurs at 55 km away from terminal T1 with R = 50 Ω at t = 6.5 s. The three-phase 
voltage diagram of terminal T1 in the time domain is given in Figure 15. After measuring this voltage and applying DWT and 
extracting CD1 according to Figure 16 for all three phases and measuring the maximum values of this detail coefficient and comparing 
them with the threshold values and with each other according to the pseudocode of Figure 4, the result of the implementation is 
depicted in Figure 17, where the algorithm’s performance is evaluated as very favorable. 

 

 
Figure 13. Detail coefficients of level 1 of all three phases a, b, and c, corresponding to the three-phase voltage of terminal T1 in scenario 2. 

 
 

 
Figure 14. The performance results of the algorithm in detecting a fault, detecting whether the fault is grounded or not, and detecting the faulty phases 

in scenario 2. 

 
Figure 15. Three-phase voltage of terminal T1 according to the implementation of scenario 3. 
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Scenario 4: In this scenario, an ABC fault appears 20 km away from terminal T1 with R = 1 Ω at t = 8 s. The three-phase voltage 
diagram of terminal T1 in the time domain is given in Figure 18. After measuring this voltage and applying DWT and extracting CD1 
according to Figure 19 for all three phases and measuring the maximum values of this detail coefficient and comparing them with 
the threshold values and with each other according to the flowchart in Figure 4, the result of implementation is provided in Figure 
20, where the algorithm’s performance is evaluated as very favorable. 

 

 
Figure 16. Detail coefficients of level 1 of all three phases a, b, and c, corresponding to the three-phase voltage of terminal T1 in scenario 3. 

 

 
Figure 17. The performance results of the algorithm in detecting a fault, detecting whether the fault is grounded or not, and detecting the faulty phases 

in scenario 3. 
 

 
Figure 18. Three-phase voltage of terminal T1 according to the implementation of scenario 4. 
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Scenario 5: In this scenario, a CG fault appears 65 km away from terminal T1 with R = 100 Ω at t = 9 s. The three-phase voltage 
diagram of terminal T1 in the time domain is given in Figure 21. After measuring this voltage and applying DWT and extracting CD1 
according to Figure 22 for all three phases and measuring the maximum values of this detail coefficient and comparing them with 
the threshold values and also comparing them with each other according to the pseudocode of Figure 4, the result of the 
implementation is illustrated in Figure 23, where the algorithm’s performance is evaluated as very favorable. 

 

 
Figure 19. Detail coefficients of level 1 of all three phases a, b, and c, corresponding to the three-phase voltage of terminal T1 in Scenario 4. 

 

 
Figure 20. The performance results of the algorithm in detecting a fault, detecting whether the fault is grounded or not, and detecting the faulty phases 

in Scenario 4. 
 

 
Figure 21. Three-phase voltage of terminal T1 according to the implementation of Scenario 5. 
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Figure 22. Detail coefficients of level 1 of all three phases a, b, and c corresponding to the three-phase voltage of terminal T1 in Scenario 5. 

 
Figure 23. The performance results of the algorithm in detecting a fault, detecting whether the fault is grounded or not, and detecting the faulty phases 

in Scenario 5. 

4. Sensitivity analysis of the proposed algorithm 

The goal here is to evaluate the proposed algorithm with respect to seven critical scenarios. According to the results obtained in 
Section 3, the algorithm’s performance during a fault is very favorable in normal conditions. Nonetheless, now we evaluate the 
algorithm’s performance for very critical conditions. Here, the resistance of the algorithm to critical conditions has been tested and 
evaluated. 

Scenario 1 sensitivity analysis: In this sensitivity analysis, the SSSC is assumed to be placed 25% closer to terminal T2. An AB 
fault occurred 90 km away from terminal T1 at t = 6 s with a resistance of 20 Ω. The implementation results of this scenario are 
tabulated in Table 2 in the row related to SA1. According to the obtained results, the algorithm is not sensitive to the location of 
SSSC and works correctly. 

Scenario 2 sensitivity analysis: In this sensitivity analysis, a BCG fault is assumed at 60 km away from terminal T1 with a fault 
resistance value of 250 Ω at t = 5.5 s. The implementation results are provided in Table 2 in the row related to SA2. According to 
the obtained results, the suggested algorithm is a little sensitive to the high-resistance fault. The final value of this resistance is 317 
Ω at and the fault occurs at 95 km away from terminal T1 and is a single-phase to ground fault. 

Scenario 3 sensitivity analysis: In this sensitivity analysis, an AG fault appears at 40 km away from terminal T1 with a phase-to-
phase resistance of 3 Ω when phase A voltage of terminal T1 crosses the zero point. The implementation results are shown in Table 
2 in the row related to SA3. According to the obtained results, it is shown that the proposed algorithm is resistant to crossing the 
zero-voltage point. 

Scenario 4 sensitivity analysis: In this sensitivity analysis, a power oscillation is assumed with a frequency deviation of 1 Hz in 
the generator connected to terminal T2 for 3 cycles before a solid AB fault occurrence at 55 km away from terminal T1 at t = 6 s. 
The fault occurred during power oscillation. The implementation results are presented in Table 2 in the row related to SA4. According 
to the obtained results, the algorithm is resistant to power oscillations due to the use of POD. 

Scenario 5 sensitivity analysis: In this sensitivity analysis, the dynamic fluctuations of the load connected to terminal T2 will 
increase by 20% in terms of active power (this process is done by increasing the angle and frequency). In this case, no fault has 
occurred in the network. The implementation results are presented in Table 2 in row SA5. According to the presented results, the 
suggested algorithm successfully detects the absence of a fault and has not detected this phenomenon as a fault. As shown, the 
algorithm is resistant to critical conditions similar to faults. 
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Scenario 6 sensitivity analysis: In this sensitivity analysis, the operation mode of SSSC is changed. In this case, the reference value 
has changed from 0.5 to 0.1 p.u. In this situation, a CG fault occurred 75 km away from terminal T1 at t = 7 s with R = 50 Ω. The 
implementation results are tabulated in Table 2 in row SA6. According to the results, the algorithm is resistant to changing the 
learning mode of SSSC, so the proposed design can be implemented in any operation mode. 

Scenario 7 sensitivity analysis: In this sensitivity analysis, a white Gaussian noise of 20 dB is injected into the voltage measurement 
of bus T2 for 3 cycles before the fault. In this case, an AB fault appears at 80 km away from terminal T1 with R = 10 Ω. The value 
of 20 dB considered in this case is the critical limit of injection noise, in which case the algorithm works correctly; otherwise, the 
performance of the algorithm will be disturbed by increasing the value of this level of noise. The implementation results are provided 
in Table 2 in row SA7. According to the presented results, the performance of the algorithm in these critical limit conditions is 
acceptable. 

The conducted sensitivity analysis rigorously evaluates the algorithm’s performance under extreme grid conditions that frequently 
challenge conventional protection schemes. Each of the seven scenarios targets a distinct vulnerability in real-world transmission 
systems compensated by FACTS devices and exposed to renewable integration. These include: 
• High-impedance faults (SA2, SA6): where signal attenuation tests the algorithm’s capacity to distinguish low-energy transients. 
• Zero-voltage crossing conditions (SA3): This challenges the time-frequency resolution of CD1 features. 
• Pre-fault power oscillations (SA4): This introduces false harmonic content, potentially masking true fault signatures. 
• Non-fault dynamic load shifts (SA5): Validating the algorithm’s immunity to operational disturbances. 
• Controller setpoint variation in the SSSC (SA6): This alters the voltage regulation regime and affects waveform morphology. 
• Gaussian noise in VT measurements (SA7): pushing the threshold margins to their detection limits. 
Across all scenarios, the proposed threshold-based decision logic—grounded in energy analysis of level-1 wavelet coefficients 

(CD1)—demonstrates consistent phase selectivity and fault-type discrimination. The statistical dispersion of CD1 peak values across 
faulted and non-faulted phases remained within designed bounds (Thr0, Thr1, Thr2), ensuring high robustness even under distorted, 
delayed, or weakened signal conditions. This sensitivity validation confirms that the threshold values are not only empirically 
optimized but “electrodynamically grounded”, accounting for the nonlinearities introduced by SSSC control behavior, PV 
intermittency, and measurement imperfections. The algorithm’s resilience to these multidimensional disturbances substantiates its 
suitability for deployment in complex modern grids. 

5. Conclusion 

This paper developed and validated a novel, high-performance algorithm for detecting and classifying short-circuit faults in SSSC-
compensated transmission lines, using only single-terminal voltage measurements. The method is rooted in a signal processing 
approach that exploits the high time-frequency localization properties of the DWT. By employing the db6 wavelet function and 
decomposing the voltage signals up to level 9, the algorithm captures subtle high-frequency transients associated with fault inception. 
Among all decomposition levels, the first-level detail coefficients (CD1) consistently exhibited the highest sensitivity to abrupt 
disturbances, making them ideal for fault signature extraction. A rigorous feature extraction mechanism based on CD1 peak energy 
across phases was established, followed by a multi-threshold decision algorithm utilizing three empirically calibrated thresholds 
(Thr0, Thr1, Thr2). These thresholds effectively separated faulty from healthy phases under complex system conditions. To ensure 
robustness, the method was evaluated across more than 4000 fault scenarios, covering: 

- All conventional fault types (SLG, LL, LLG, LLL), 
- Fault resistances ranging from 1 to 317 Ω, 
- Different locations relative to the SSSC (both left and right sides), 
- Variable fault inception times (6.5–9.0 s), 
- Phase-dependent zero-crossing conditions. 
In addition to normal scenarios, seven critical operating conditions were simulated, such as: 
- SSSC control reference variation, altering the line's reactive compensation dynamics, 
- Gaussian white noise (20 dB) added to voltage signals, 
- Pre-fault power oscillations that distort the voltage waveform spectrum, 
- Dynamic load changes, mimicking active disturbances in practical systems. 
 

Table 2. The results of the implementation of different sensitivity analysis scenarios. 

Scenario No. 
Maximum values of CD1 for the three phases of terminal T1 Implementation results 

Phase c Phase b Phase a Is there a fault? Is it a ground fault? Which phase is faulty? 
Phase c Phase b Phase a 

SA1 1.1 1.09 0.15 Yes No    

SA2 0.25 1.4 1.01 Yes Yes    

SA3 1.39 0.29 0.22 Yes Yes    
SA4 1.12 0.12 1.11 Yes No    

SA5 0.15 0.11 0.09 No No    
SA6 0.26 0.33 1.32 Yes Yes    
SA7 1.13 1.11 0.17 Yes No    
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Despite these challenges, the algorithm maintained a 98% accuracy rate in correctly detecting faulty phases and classifying fault 
types. The wavelet-based energy signatures proved resilient against noise and signal distortion, and the algorithm's independence 
from current measurements mitigates CT saturation and reduces implementation complexity. Unlike many prior studies, which either 
rely on dual-terminal data, assume ideal conditions, or ignore FACTS behavior, the proposed method explicitly accounts for the 
dynamic behavior of an SSSC connected to a PV source — a non-trivial integration often ignored in literature. 

Proposed research directions (deep and technically grounded) include: 
1. Adaptive threshold tuning using real-time disturbance metrics: Developing an online adjustment mechanism for Thr0–Thr2 

based on instantaneous signal quality or system states (e.g., SSSC modulation depth or PV variability). 
2. Hybrid wavelet-ML architectures: Integrating machine learning models (e.g., ensemble classifiers, GBDT, CNN) trained on 

wavelet-domain features to enhance classification under uncertain topologies. 
3. Spatiotemporal coordination with PMU data: Extending the method to wide-area protection schemes using synchronized phasor 

measurements and GPS-based event correlation. 
4. Real-time FPGA/RTDS implementation: Deploying the proposed method on hardware platforms to evaluate latency, resource 

usage, and feasibility in practical protection relays. 
5. multi-objective optimization of wavelet parameters: Using evolutionary algorithms (e.g., NSGA-II) to jointly optimize wavelet 

type, decomposition depth, and threshold margins under noisy or uncertain environments. 
6. Generalization to meshed and looped networks: Validating the method in more complex topologies where multiple FACTS or 

PV sources introduce nonlinear interactions in the protection zone. 
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