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Abstract: This review paper is based on the use of the thyristor control series compensator (TCSC) for the fault zone identification and 

protection of FACTS based transmission lines by using data mining model with the use of ensemble decision trees. In this work we are 

comparing the existing data mining technologies which are available for the fault zone in the transmission line. The kd tree algorithm is 

used to detect the fault zone and the random forest algorithm is applied to that zone for enhancing the prior results of the random forest 

which is only applied to data.The random forest algorithm gives larger accuracy and reliability as compared to the other existing 

technologies .  
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1. Introduction 
 

Transmission lines are very much prone to failures and 

faults. It is very difficult to fix the fault manually 

when it occurs. There are many methods available in the 

past in order for detection of fault diagnosing application 

.The growth of available data in the electric power industry 

motivates the adoption of data mining techniques. The 

companies in this scope faces several difficulties that they 

could not benefit themselves from data mining approach. 

One of the reasons is that mining power systems data is an 

Interdisciplinary task. Typically, electrical and computer 

engineers or scientists need to work together in order to 

achieve breakthroughs, interfacing power systems and data 

mining at a mature level of cooperation. Another reason is 

the lack of freely available and standardized benchmarks. 

Because of that, most previous research in this area used 

proprietary datasets, which makes difficult to compare 

algorithms and reproduce results.. In the first part gives the 

brief overview on how the existing data mining techniques 

used in power systems. There are several works which had 

been done to introduce data mining techniques to people 

with background knowledge of power systems. In contrast, 

this work assumes previous knowledge of data mining 

illustrate some fundamental concepts of power systems and 

explains the kind of problems that transmission lines tries to 

solve with data mining. 

 

Here, the well-known Alternative Transients Program 

simulator (ATP) is used to create comprehensive labeled 

dataset. Such datasets are key components which allow 

reproducing research results in different locations, which are 

important given the large number of parameters to be tuned 

in a fault classification system. Therefore, in order to 

encourage reproducible research, this work also provides 

detailed information about the adopted parameters. In next 

part a brief description of data mining applications in power 

systems is provided and their comparison is made on the 

basis of various problems in the transmission lines. Figure 1 

illustrated the TCSC transmission line[1]. 

 
Figure 1: Transmission line with TCSC 

 

2. Existing Work 
 

There are number of authors who proposed methods for 

providing protection to the flexible transmission lines like 

support vector machine (SVM)[4], Artificial Neural 

Network (ANN)[8][9] and fuzzy neuro[11] system many 

more . However, each of them has their own set of 

disadvantages. Following table describes Summary of 

techniques and problems of data mining in power systems. 

 

Table 1: Summary of techniques and problems of existing 

techniques 
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3. Methodology 
 

A. K-d Tree 

 

A k-d tree, or k-dimensional tree, is a data structure used for 

organizing some number of points in a space with k 

dimensions. It is a binary search tree with other constraints 

imposed on it. K-d trees are very useful for range and 

nearest neighbour searches. The root-cell of this tree 

represents the entire simulation volume. The other cells 

represent rectangular sub-volumes that contain the mass, 

center-of-mass, and qudrupole moment of their enclosed 

regions. It was one of the early structures used for indexing 

in multiple dimensions. Each level of K-d tree partitions the 

space into two partitions, the partitioning is done along one 

dimension of the node at the top level of the tree, along 

another dimension in nodes at the next level, and so on, 

iterating through the dimensions. The partitioning proceeds 

in such a way that, at each node, approximately one half of 

the points stored in the subtree fall on one side, and one half 

fall on the other. Partitioning stops when a node has less 

than a given maximum number of points [12].Searching for 

a nearest neighbor in a k-d tree 

proceeds as follows: 

 

1) Starting with the root node, the algorithm moves down 

the tree recursively, in the same way that it would if the 

search point were being inserted (i.e. it goes left or right 

depending on whether the point is less than or greater 

than the current node in the split dimension). 

2) Once the algorithm reaches a leaf node, it saves that node 

point as the "current best". 

3) The algorithm unwinds the recursion of the tree, 

performing the following steps at each node: 

 

I. If the current node is closer than the current best, then 

it becomes the current best. 

II. The algorithm checks whether there could be any 

points on the other side of the splitting plane that are 

closer to the search point than the current best. In 

concept, this is done by intersecting the splitting hyper-

plane with a hyper-sphere around the search point that 

has a radius equal to the current nearest distance. Since 

the hyperplanes are all axis-aligned this is 

implemented as a simple comparison to see whether 

the difference between the splitting coordinate of the 

search point and current node is less than the distance 

(overall coordinates) from the search point to the 

current best. 

III. If the hyper-sphere crosses the plane, there could be 

nearer points on the other side of the plane, so the 

algorithm must move down the other branch of the tree 

from the current node looking for closer points, 

following the same recursive process as the entire 

search. 

IV. If the hyper-sphere doesn't intersect the splitting plane, 

then the algorithm continues walking up the tree, and 

the entire branch on the other side of that node is 

eliminated. When the algorithm finishes this process 

for the root node, then the search is complete. 

 

 

 

B. Random Forest 

 

Random forests are a combination of tree predictors such 

that each tree depends on the values of a random vector 

sampled independently and with the same distribution for all 

trees in the forest. The generalization error for forests 

converges a.s. to a limit as the number of trees in the forest 

becomes large. The generalization error of a forest of tree 

classifiers depends on the strength of the individual trees in 

the forest and the correlation between them. Using a random 

selection of features to split each node yields error rates that 

compare favorably to Adaboost (Freund and 

Schapire[1996]), but are more robust with respect to noise. 

Internal estimates monitor error, strength, and correlation 

and these are used to show the response to increasing the 

number of features used in the splitting. Internal estimates 

are also used to measure variable importance. These ideas 

are also applicable to regression. 

 

C. Random forest Algorithm 

 

The random forests algorithm is as follows [1]: 

1) Draw ntree bootstrap samples from the original data. 

2) For each of the bootstrap samples, grow an unpruned 

classification or regression tree, with the following 

modification: at each node, rather than choosing the best 

split among all predictors, randomly sample m try of the 

predictors and choose the best split from among those 

variables. (Bagging can be thought of as the special case 

of random forests obtained whenm try = p, the number of 

predictors.) 

3) Predict new data by aggregating the predictions of the 

ntree trees (i.e., majority votes for classification, average 

for regression). An estimate of the error rate can be 

obtained, based on the training data, by the following: 

a) At each bootstrap iteration, predict the data not in the 

bootstrap sample (what Breiman calls “out-of-bag”, or 

OOB, data) using the tree grown with the bootstrap 

sample. 

b) Aggregate the OOB predictions. (On the average, each 

data point would be out-of-bag around 36% of the 

times, so aggregate these predictions.) Calculate the 

error rate, and call it the OOB estimate of error rate. 

 

4. Proposed Work 
 

In this paper, the Random Forest (RF) algorithm for the 

diagnosis of fault is discussed. RF is good generalized than 

any other fault diagnos is applications. The main aim is the 

classification of the type of fault in the transmission lines. In 

the further work sampling of current and voltage is carried 

out, calculated and then they utilized as an optimal learning 

pattern. The k- dimensional tree algorithm is first applied to 

the generated data sets. To find the accurate region for the 

affected area the range query algorithm is applied and 

results are generated. Then the RF is applied to results for 

finding the more accurate results. By using the RF method 

simulations show that the identification of each class of 

fault is accurately done as compared to previously existing 

methodologies as; Support Vector Machine,Fuzzy Theory, 

ArtificialNeuralNetwork, ExpertSystem, PetriNet,. The 

result of simulation demonstrates the effectiveness of 

proposed method to the identification of faults. 
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The data-mining model used is also known as ensemble 

decision trees as random forests (RF), which is used for 

detecting the fault-zone in a FACTS based (TCSC) 

transmission line. The simulated data from the simulation 

model are used as inputs to the RF against target outputs. 

The RF is provided with the training to build a data-mining 

model with an broad data set developed from a series of 

fault simulations. The various operating system parameters 

are used for testing in the power system network, 

considering noisy surrounding. They are very accurate and 

robust for fault-zone identification in TCSC-based 

transmission lines. The simulations in this work relied on 

Matlab , which has many learning algorithms. Specifically, 

the work used decision trees multilayer artificial neural 

network (ANN) trained with back propagation. There are 

number of transmission parameters are use to generate the 

simulated data base depending on the location , fault type, 

firing angles, fault resistances etc. They are as follows[1]: 

The simulation model is design by using the MATLAB 

Simulink toolbox. Total simulations carried for TCSC line 

are 5 (Rf) × 3 (Zs) × 4 (FIA) × 10 (types of faults)×2(reverse 

power flow) × 2 (load changes) × 4 (firing angels) 

×4(locations)=38400. 

 

Figure 2 shows some amount of the data sets generated. 

Column A denotes the sample voltage and B denotes the 

sample current and C denotes the location. Figure 3 is the 

simulation model from which the data sets are generated. 

 

 
Figure 2: Snapshot of data generated 

 
Figure 3: Simulation model using TCSC 

 

5. Experimental Results 
 

The following are the results which are calculate for 

detecting the fault zone in the transmission line by first 

applying the kd tree algorithm then fiding the range by range 

query algorithm followed by the random forest algorithm. 

 

 
Figure 5: GUI window 

 

 
Figure 4: Selection of Data base 
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Figure 6: Construction of tree 

 

 
Figure 7: Building of a tree structure 

 
Figure 8: Diagnosis of fault area 

 

 
Figure 9: Locating the fault area 

 

6. Conclusion and Future Scope 
 

Here in this paper the proposed technique provides the data 

mining technique for the process that to the tree devices of 

RF modules. To identify the fault detection of the process 

based on the FACTS devices and the transmission of its 

based lanes with an accreted data readings and the reliability 

of process has more than 99% RF trees for this we are 

maintaining a way of data mining algorithm for the detection 

process through this we has found the ¾ of the results has 

come on success to identify the transmission lane power 

voltage. In the existing system they had not supported the 

fault detection for the process and the values just the 

secondary data accumulations of supply only and for that we 

proposed simulation model to generate data sets and then to 

identify the fault values and to modify it. Here in this the 

further process is the application of random forest to the 

results and then its reliable identifier will compare the data 

of reading and to that modification we can simply display 

and we can find out the normal results for the process. In 

future work, there are more investigations that can be 

performed among the different sampling times needed to 

ensure best performance thereby generating best results. 
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