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Abstract: This paper introduces double circuit transmission lines data-based modelling, control, defect identification and 

categorization of fixed series capacitor compensated. One of the severe problems of double circuit transmission lines is reciprocal 

connection between two of circuits of compensated transmission line in series for which most of the conventional schemes will not 

work. One of the solutions for this type of problems is to design a scheme considering the situations that may arise in the system. 

Different situations can be represented with different data and from data the algorithm should able to predict the outcome. So in 

this paper in double circuit line Artificial Neural Networks are employed to identify faults and categorize them with fixed series 

capacitor compensated lines on which mutual coupling between the lines have no effect. The data-driven relaying plan is tested for 

a variety of malfunction scenarios, including short-circuit defect, cross-country error, fault kind, and malfunction location, defect 

resistance, and angle of error inception. For every evaluated defect condition, the suggested data-driven relaying technique is proved 

to be 100% accurate. 
Keywords: Compensated Transmission line, Bayesian Predictors, error detection, error categorization 
 

1. Introduction 
Of all the protection problems with series capacitor compensated transmission lines (SCCTL), including 

inversion of voltage and current, error impedance loops, short-circuit defect, and mutual coupling, the most severe is 

mutual coupling between the double circuit. Conventional relaying schemes will not be applicable in this scenario 

because it will detect both circuits faulty leading to mal-operation of circuit breaker to trip as signals of healthy circuits 

will change near to range of fault condition due to mutual coupling between phases. So the relaying schemes that are 

designed for single circuit lines also will not work in this case. So it is necessary to design relaying schemes which 

correctly detect the faults so that reliability, dependability and security of power flow increase.  
For protection of compensated line distinct relaying techniques have been reported as given in [1-11]. Data 

based techniques are more suitable for double circuit SCCTL than equation based techniques as all the situations that 

system goes through can be represented with data. Researchers have suggested ANN and SVM as data-based methods 

for power system protection. ANN has been used to categorize transmission line faults because of its capacity to 

identify patterns. [1]. In [2], series-compensated EHV transmission an ANN-based protection method for controlled   

is described. This scheme use post-fault data which produces better results with two or three cycle. In [3], a radial 

basis neural network with series compensated line is protected with a thyristor-controlled device. However, as ANN-

based techniques rely on trial and error, there are no set standards for selecting the network architecture. The amount 

of the training data has an impact on the network's performance, which is another disadvantage of ANN. In [4], SVM 

are used to categorize deviation in series-compensated lines. [5] Proposes advanced compensated transmission line 

using SVM to identify portions and categorize defect. SVM-based approaches are also affected by the quantity of 

learning data; hence, the performance of the method may decrease as the size of the training data increases. In [6], 
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decision trees are used to categorize faults in flexible AC transmission lines. “It is recommended to use an extreme 

learning machine for compensated transmission lines in series protection” [7].  
Many researchers employ wavelet transforms to secure power systems. Wavelet transform protection of series 

compensated lines has been documented by [8]. A discrete wavelet transform is suggested in [9] for phase selection 

and fault portion identification in thyristor-controlled series compensated lines. However, these techniques rely on 

thresholding levels that might not be effective for protecting double circuit series compensated lines. So hybrid 

methods are suggested by researchers for protection of SCCTL. "Faults in series compensated lines are classified 

using fuzzy logic and wavelet transform" [10]. "The adaptive neuro-fuzzy inference system (ANFIS) and wavelet 

transform are recommended for fault classification" [11].However, because of the reciprocal coupling effect in single 

circuit, the majority of protection strategies are designed for compensated lines, which may not be effective for double 

circuit SCCTL. 
This work proposes a data-based approach to double circuit SCCTL protection that takes into account short-

circuit faults and mutual coupling. In double circuit SCCTL effect of mutual coupling can be overcome if the networks 

will be designed with datasets in that fault situations. Therefore, in this work, fault detection and fault phase 

identification in double circuits are done using Bayesian predictors. SCCTL to solve the mutual coupling issue. The 

power system simulation is displayed in Portion 2, the suggested approach is explained in Portion 3, the results are 

presented in Portion 4, and the conclusion is presented in Portion 5. 

2.   Modelling Networks and Processing Signals 
Figure 1 depicts the 400 kV, 50 Hz double circuit series capacitor used in this work with compensated line. It 

is made up of a three-phase source connected to both ends by a 200 kilometre cable. The source end has an X/R ratio 

of 10, a load angle of 150, a load of 100MW and 100MVar, and a short circuit capacity of 1250MVA. Receiving end 

has load angle of 00, and X/R ratio 10, load of 250MW, short circuit capacity 1250MVA. Series capacitors C1 and C2 

are installed near to source end in both circuit1 and circuit 2 respectively. In this work, 40% series compensation was 

applied. All the modelling and simulation works are done in MATLAB/SIMULINK. After designing the circuit, it is 

simulated and waveforms are observed to design algorithm for protection of SCCTL. It is observed that in 

compensated double circuit lines the healthy phase current magnitude increases due to mutual coupling and becomes 

equal to magnitude at some faulty situation. A fault case is shown in Figure2 during C1G fault at 10km with R=0.001Ω. 
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FaultRELAY
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Figure 1.SCCTL Single Line diagram 

The electrical signals are displayed in Figure 2 during a fault to illustrate the impact of mutual coupling. The 

network's current signals are evident in Figure 2 (a), while voltage signals are noticed in Figure 2 (b). The current 

magnitude of C1 phase should be higher during fault than other phases as it is a C1G fault. Due to mutual coupling 

C2 phase current magnitude may increase but, in this case, it has large increase in current magnitude almost equivalent 

to faulty phases although it is not faulty phase. Conventional thresholding-based protection strategies will not work in 

this situation. So, for protection of double circuit a scheme is designed for series compensated lines which will 

overcome this type of problem. 
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Figure 2. (a) Current and (b) voltage notifications at 10 km with   R=0.001Ω during a C1G fault. 
After simulating the fault cases varying type of error, spot of the fault, resistance of error and angle of fault 

inception, the electrical signals are captured at the source with 1 kHz frequency of samples. The pulses are then 

framework with frequency-domain spectral analysis to get the essential element of signals. The phase C1 current 

signals although C1G error at 10 km with R=0.001Ω are displayed in Figure 3 (a). The basic component of phase C1 

current responses obtained after DFT processing is shown in Figure 3 (b). Pre-disturbance and post disturbance signal 

points of main spectral components of signals are used to design the data driven relaying scheme. Data driven relaying 

scheme designed with the help of a tool called Bayesian predictors. Design of the proposed method will be described 

in detail in next portion. 
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Figure 3. (a) C1 Phase current and (b) Fundamental component of phase C1 currents during C1G fault at 10km 

with R=0.001Ω. 

3. Data Driven Relaying Scheme Using Bayesian Predictors 
Proposed data based relaying scheme using Bayesian predictors is represented diagrammatically in Figure4. As 

proposed scheme is data based, it is required to acquire data of different situations the system goes through. Data 

required for are generated for fault situations varying disturbance type, fault zone, fault path resistance and fault 

occurrence angle.  
Various parameters that are used for model fitting and model validation are given below: 

i. Training Data: 

a. Short-circuit faults and LG, LLG, LL, LLL, faults are the disturbance types. 

b. Fault Zone– 20 locations (5 – 195 km in step of 10km) 

c. Fault Occurrence Angle – 00 

d. Fault Resistances – 2 resistances (0Ω and 100Ω) 

ii. Testing Data: 
        a.   Short-circuit faults and LG, LLG, LL, LLL, faults are the disturbance types. 
        b.   Faulty Locations – 20 locations (0.1 - 199km) 
        c.    Angle of Fault Inception – 0-3600 in the step of 300 
        d. Fault Resistances – 0Ω - 100Ω in step of 5Ω       
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Figure 4. Data-driven strategy schematic. 

After generating the data, signals are processed with DFT to get essential spectral components and zero 

sequence quantity which are used as input to data driven Bayesian network. Data driven schemes can be designed 

with data mining tools like ANN, decision, trees, nearest neighbour algorithm, Bayesian algorithm etc. [12]. Bayesian 

algorithm is chosen because it is very simple which uses only posterior probabilities to anticipate the class and it is 

invariant to large training data unlike ANN and SVM based methods. The Bayesian prediction algorithm is built on 

probability distributions, and it uses these probabilities and observable facts to make the best decisions [13]. In this 

study, Naive Bayes classifiers and other Bayesian learning methods calculate explicit probability for hypotheses. The 

foundation of the Bayesian prediction algorithm is Baye's Theorem. The prior probability can be used to calculate the 

posterior probability using the Bayes theorem as in (1) 

𝑃(ℎ|𝐷) =
𝑃(𝐷|ℎ)𝑃(ℎ)

𝑃(𝐷)
                                                                                                                              − (1) 

Where P (h) = Prior-probability of h.  

            P (D) = Prior probability that training data D will be observed.  

            P(𝐷|ℎ) = Probability of observing data D in which hypothesis h holds.  

            P(ℎ|𝐷) = Posterior probability of h. 

Unlike prior probability, which is independent of the training dataset, posterior probability takes into account 

information from the training data. Probability distribution used in this work is the normal or Gaussian distribution 

and kernel distribution as shown in (2) and (3),  

𝑃(ℎ𝑘|𝐷𝑗) = {
1

𝜎𝑘𝑗√2𝜋
𝑒𝑥𝑝 (

−(ℎ − 𝜇𝑘𝑗)
2

2𝜎𝑘𝑗

)} ,   − ∞ < ℎ < ∞, 𝑎𝑛𝑑 − ∞ < 𝜇𝑘𝑗 < ∞, 𝜎𝑘𝑗 > 0    − (2) 

Where 𝜇𝑘𝑗  = Mean and 𝜎𝑘𝑗= Standard deviation. 

𝑓𝑚⃗⃗ ⃗⃗ (𝐷) =
1

𝑚𝑛
∑𝐾 (

𝐷 − 𝐷𝑖

𝑚
)

𝑛

𝑖=1

 ,         − ∞ < 𝐷 < ∞                                       − (3)  
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Where f = Unknown probability density 

           n = Number of samples 

The non-negative function K(•) = Kernel has a mean of zero and integrates to one.  

 m = Bandwidth, smoothing coefficient. 
        Bayesian predictors have two phases training the network with known targets and predicting the output 

with unknown data. In training phase of Bayesian network different fault and no fault situations are learned by taking 

different data sets. To represent the normal operating conditions of power system, current and voltage 60 samples of 

fundamental components of normal operating condition are taken. Fault samples from 10 post each fault case to 

represent the fault situations, are taken. If a system malfunction occurs, it will be identified, as illustrated in Figure 4. 

Then fault phases are identified, ground involves or not is identified and faults are classified. The electrical signals are 

basic components fed into a Bayesian method to create a training network for fault detection. When there is no fault 

the output will be ‘0’ and for fault condition the output will be ‘1’. The confusion matrix is computed as indicated in 

Table 1 and the defect detection network's training performance is assessed in terms of re-substitution mean square 

error. Test scenarios are created and examined to evaluate the network’s performance once they have been trained. 
For the circuit breaker to operate correctly, fault phases should be identified if a system problem is found. Using 

basic current and voltage components as input, a fault phase recognition training network is created using Bayesian 

predictors. Input data in training data set is same as fault detection. Outputs are designed by assigning numerical value 

to each fault type. So output for no fault, A1, B1, C1, A1 & B1, B1 & C1, C1 & A1, A1 & B1& C1, A2, B2, C2, A2 

& B2, B2 & C2, C2 & A2, A2 & B2 & C2, A1 & B2, A1 & C2, B1 & A2, B1 & C2, C1 & A2, C1 & B2 are 1, 2, 3, 4, 

5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21 respectively. The zero sequence components of the current 

from both circuits are used as input to create the ground identification training network. Output for not ground and 

ground are 1 and 2 respectively. Table 1 displays the fault phase detection and ground identification network's training 

performance. Training time of both normal and kernel probability distribution are few seconds. But the mis-

classification rate is more in normal distribution than kernel distribution. Test cases are created and tested to evaluate 

the networks' performance once they have been trained. The following part will address the findings of the suggested 

data-driven approach.  
Table 1. Fault detection and classification network performance using Bayesian classifiers 

Networks Probability 

Distribution Used 
Training 

Time 

(seconds) 

Confusion 

Matrix 
Accuracy (%) 

   True 

classification 
Mis-

classification 

Fault detection Normal 0.039 10489 2371 

 Kernel 88.023 12831 29 

Fault Phase 

Identification 
Normal 0.173 12170 690 

 Kernel 156.428 12721 139 

Ground 

Identification 
Normal 0.008 12737 123 

 Kernel 0.608 12860 0 

4. Performance Evaluation of Data Driven Relaying Scheme  
Proposed data driven relaying scheme using Bayesian predictors are tested for various fault cases simulated 

in double circuit SCCTL with variation of defect parameters like error type, defect location, Angle of defect Inception 

and error resistance. We will go into great depth about how the suggested solution is affected by mutual coupling, 

short-circuit faults, high fault resistance, multi-location faults, transforming forming faults, etc. 
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A. The Impact of Coupling 
To study the effect of mutual coupling on the data based method various fault cases are generated varying fault 

parameters and tested. All the tested fault cases are correctly detect the faults, identify the phase of the faults and 

identify ground or not. Input and outputs of one of the fault one cases is shown in Figure 5 during A1B1 fault at 19km 

with R=0.001Ω at 60ms time. Current and voltage signal’s fundamental and zero sequence components are shown in 

Figure 5 (a), (b), and (c). Although the A2 and B2 phases are not defective, Figure 5 (a) and (b) show that the current 

magnitude increases significantly, which may occur in a variety of fault scenarios. The fault detection output, which 

changes from "1" to "2" after a defect occurs at 60 milliseconds, is displayed in Figure 5 (d). Consequently, it takes 

62–60 ms = 2 ms to find the flaw, following which trip signals can be sent to circuit breakers. The fault phase 

identification output in Figure 5 (e) shifts from "1" to "5" after a fault occurs at 60 ms, indicating the presence of A1 

and B1 phase faults. The ground identification output in Figure 5 (f) does not alter when a fault occurs at 60 ms, 

indicating that no ground is involved. So the fault is classified as A1B1 double line phase faults. For each of the three 

jobs, every tested fault condition yields precise results. The effect of mutual in double circuit SCCTL has no bearing 

on the suggested data-based approach. 

 
Figure 5. Inputs and outputs during A1B1 fault at 19km with R=0.001Ω at 60ms time 

      a. Basic elements and the zero sequence component of circuit 1's currents 
         b. Basic elements and the zero sequence component of circuit 2's currents 
        c. Fundamental components of voltages 
          d. Fault detection output 
         e. output of fault phase identification  
         f. output of ground identification 

B.  Short-circuit Fault’s Impact 
Inter-circuit faults are more common in double circuit SCC transmission lines. Faults involving two phases of 

separate circuits are known as short-circuit faults. The suggested Bayesian predictor-based approach is tested with a 

variety of short-circuit faults, and the test results show that it can reliably identify the faults. One fault case outputs is 

shown in Figure 6 during B1C2G fault at 51km with R=0.001Ω at 60ms time. The fault detection output, which 

changes from "1" to "2" after a defect occurs at 60 milliseconds, is displayed in Figure 6 (a). The fault phase 

identification output in Figure 6 (b) shifts from "1" to "19" after a fault occurs at 60 ms, indicating the presence of B1 

and C2 phase faults. The ground identification output in Figure 6 (c) shifts from "1" to "2" after a fault occurs at 60 
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ms, indicating that the fault includes the ground. Therefore, the problem is categorized as a short-circuit B1C2G fault. 

Short-circuit problems have no effect on the suggested data-based approach. 

 
Figure 6 .Outputs during B1C2G fault at 51km with R=0.001Ω at 60ms time 

                     a. Fault detection output 
                     b. Fault phase identification output  
                               c. Ground identification output 

C. Fault Resistance's Impact 
The effect of fault resistance on transmission line relaying is on any relaying scheme as, depending on the 

grounding medium, the circuit's resistance increases when a fault involves ground. There are no definite criteria to 

estimate up to what level the resistance may increase. So in this work fault resistance effect is studied from 0Ω to 

150Ω in step of 10. The suggested data-based approach is unaffected by high resistance faults, as demonstrated by the 

fact that all of the tested fault scenarios correctly identify and categorize the defects. The results for different fault 

resistance circumstances are shown in the picture below. 
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Figure 7. Performance results for varying fault resistance levels 

D. Multi-Location Fault’s Impact 
Multi-location faults are those that occasionally occur in multiple locations within a specific protective zone. A 

variety of multi-location faults are used to test the suggested Bayesian predictor-based approach. Figure 7 depicts a 

fault instance with R=0.001Ω at 60 ms time during A1G fault at 33 km and C1G fault at 109 km. The signals for 

voltage and current produced during the fault are displayed in Figure 7(a) and (b). The fault detection output, which 

shifts from "1" to "2" in Figure 7(c), indicates that there is a problem with the system. The fault phase identification 

output in Figure 7 (d) shifts from "1" to "7" after a fault occurs at 60 ms, indicating that there are A1 and C2 phase 

faults. The ground identification output in Figure 7 (e) shifts from "1" to "2," indicating that a fault involves the 

ground. So the defect is classified as A1C1G fault although it is A1G fault and C1G fault at two different locations.  

Proposed data based method accurately detect multi-location faults. 

 
Figure 7. Signals and outputs during A1G fault at 33km and C1G fault at 109 km with R=0.001Ω at 60ms 
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              b. Voltage signals 
              c. Fault detection output 
              d. Fault phase identification output  
              e. Ground identification output 

E. Effect of Angle of Fault Inception 
Study of effect of Angle of Fault Inceptions in any relaying scheme is necessary as fault may occur in any 

instant of time. Different fault cases are generated in SCCTL varying Angle of Fault Inceptions 00 - 3600 with a step 

of 300 and tested with Bayesian predictor based scheme. Proposed method is designed in time domain means as the 

signals are recorded in every instant the algorithm is applied simultaneously to detect faults. So Angle of Fault 

Inceptions do not have any effect on post data based relaying scheme. For different angles of fault inceptions, every 

tested fault case yields accurate results.   

F. Effect of Pre-Fault Load Angle 
In any power transmission lines pre-fault load angles may change due to extreme operating conditions. So it is 

expected from any relaying scheme that it should not be affected by slight variation of initial load angle. Suggested 

scheme is examined for different fault cases varying pre-fault load angle in double circuit SCCTL up to ±50%. Every 

fault case that has been examined for various initial-fault load angles is 100% accurate in identifying and classifying 

defects.  

5. Conclusion 
It is difficult to protect double circuit series compensated lines because of the mutual coupling effect, which 

renders conventional protection methods useless. In order to secure double circuit SCCTL, a data-driven protection 

mechanism is created in this work using the Bayesian predictor method. The Bayesian strategy was selected because, 

in contrast to ANN and SVM-based techniques, it is very straightforward, relies just on posterior probabilities to 

anticipate the fault state, and is unaffected by vast amounts of training data. The term "data driven relaying scheme" 

refers to the relaying schemes established in this study that use data generated from various fault situations for error 

detection, malfunction phase identification, defect classification, and ground identification. The data-driven relaying 

technique is tested for a variety of fault scenarios, including pre-fault load angles, short-circuit faults, cross-country 

faults, fault type, fault location, fault resistance, and angle of the error inception. For every tested error instance, the 

suggested method's accuracy is 100%.    
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