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Abstract 

In recent years, computational intelligence and machine learning technologies have 
become more and more popular, and can be used to facilitate very fast power system 
transient stability assessments to detect power outage risks earlier. However, many 
current state-of-the-art models usually suffer from excessive training time and complex 
parameter adjustment problems, resulting in inefficiencies in real-time implementation 
and online model updates. This research uses the increasingly popular extreme learning 
machine theory and rough set theory to propose a new transient stability assessment 
model. It significantly improves the learning speed and enables effective online updates. 
The model was tested on the New England 39-node test system and compared with some 
advanced methods in terms of calculation time and prediction accuracy. The simulation 
results show that the model has superior calculation speed and higher accuracy. 
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1. Preface 

With the intelligentization and interconnection of the power grid, the scale of the power system 

continues to expand, and the regional connections become more and more closely, making the power 

grid increasingly complex and the difficulty of facing the challenges of uncertain risks. As a result, 

modern power systems become more susceptible to disturbances, especially regional blackouts that 

threaten inter-regional, severe cascading failures or large-scale blackouts [1,2]. Therefore, it is 

necessary to accurately judge the transient stable state of the power system. 

For power system transient stability assessment (DSA), although traditional methods such as time-

domain simulation are accurate and flexible, they usually require complex calculation processes and 

a long wait for operations, so it is difficult to understand transient risks in a timely manner. In recent 

years, computational intelligence and machine learning techniques have been widely used as stand-

alone or auxiliary tools for very fast transient stability assessment due to their powerful nonlinear 

modeling capabilities [3~9]. Using these tools, by reducing the need to perform time-domain 

simulations,to significantly reduce the computational time required to obtain system stability 

information. Instead, the model is trained on a large dataset representing the transient stability 

characteristics of the power system, called a database, which can be evaluated online to quickly 

predict stable states. In the literature, neural networks [3, 4], decision trees [5, 6] and support vector 

machines (SVM) [7, 8] are the most commonly used techniques. Among them, the literature [7] 

expounds the construction method of the SVM comprehensive classification model based on different 

feature quantities and the generation method of the key sample set. Reference [9] uses the physical 

properties of the minimum volume closure ellipsoid to construct the input feature set, so as to 

effectively reduce the dimension of the feature set. However, it has also been observed that current 

state-of-the-art techniques often suffer from excessive training time and complex parameter tuning 
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issues when encountering databases with particularly large amounts of data, making it difficult for 

the developed DSA tools to be updated online with the latest operational information . As modern 

power systems become larger and larger, resulting in larger and larger databases, more 

computationally efficient and accurate DSA models are urgently needed to achieve more efficient 

real-time operations and online updates. 

Recently, a new learning algorithm called extreme learning machine (ELM) has been proposed for 

single-hidden-layer feed-forward neural network (SLF-neural network), which has achieved many 

benchmarks in regression and classification fields compared to traditional algorithms. It exhibits 

faster learning and better generalization performance in problems and engineering applications. At 

the same time, rough set theory provides an effective solution for solving big data problems. 

To this end, a transient stability evaluation model based on extreme learning machine is proposed. In 

order to improve the performance of the new model, the neighborhood rough set feature selection 

method is used to improve the computational efficiency; at the same time, because the extreme 

learning machine selects random input weights and biases, there is a certain degree of randomness. 

In order to improve the robustness, an ensemble learning algorithm is used to further improve the . 

The model is validated on a New England 39-node system and compared with other state-of-the-art 

methods in terms of computation time and prediction accuracy. Simulation results show that the new 

model has superior computational speed and comparable accuracy, thus enabling effective online 

updates and more efficient real-time applications. 

2. Construction of Transient Feature Set 

As mentioned earlier, feature selection is required to improve evaluation accuracy. This will be 

discussed in detail in this section. Feature selection is a data preprocessing that aims to eliminate 

irrelevant feature inputs, which can significantly reduce the size of training data to improve learning 

speed and accuracy. For ELM methods, the learning rate is insensitive to the training data size, but 

the parameters of the hidden nodes are randomly assigned even before the training data is seen; this 

means that if irrelevant or less relevant features are randomly assigned If more weights are used, then 

all input features are treated equally, and the prediction accuracy of the estimation error model will 

be worse and the time will be longer. Therefore, it is crucial to select important features as input to 

ensure the high accuracy of ELM. In addition, analyzing the selected features can also provide insight 

into the key parameters of the system [12]. 

There are currently two types of transient stability characteristics for constructing power grids. One 

is based on the tidal volume before and after the fault as an indicator, such as the voltage, current, 

active power, and reactive power of the busbar to construct features. However, the features selected 

by such methods vary with the scale of the system. In actual systems, the size of the feature may be 

too large due to the large scale of the system, thereby affecting the accuracy and response time. The 

other is to use the combination of system parameters before and after the failure to construct a feature 

set, which can effectively avoid the aforementioned shortcomings. This paper is a transient feature 

set constructed by this method. On the basis of a large number of experimental simulations, plus the 

reference and summary of the existing literature, the feature set is selected to construct the feature set 

as shown in Table 1. 

In Table 1, 0t , 1t and 2t  correspond to the operating conditions of the system before the failure, 

when the failure occurs, and after the failure, respectively, using the characteristic quantities of the 

three moments. 
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Table 1. The transient feature set 

feature describe 

1, 2 The maximum and minimum value of active power shock to a single generator at time t0 

3 Average value of rotor acceleration at time t1 

4 Maximum difference between mechanical power and output active power at time t1 

5 Average value of mechanical power at time t1 

6 Maximum rotor angular velocity at time t1 

7 The difference between the maximum value and the minimum value of the relative rotor 

angle at time t1 

8 The difference between the maximum value and the minimum value of rotor kinetic energy 

at time t1 

9 Adjustment of total system energy at time t1 

10 Average value of rotor kinetic energy at time t1 

11 The difference between the maximum and minimum rotor acceleration at time t1 

12 Average value of rotor angular velocity at time t1 

13, 14 Average and maximum value of output active power at time t1 

15, 16 Average value and maximum value of generator power angle at time t1 

17 Average value of output reactive power at time t1 

18 Average value of rotor acceleration at time t2 

19 Maximum difference between mechanical power and output active power at time t2 

20 Mean value of mechanical power at time t2 

21 Maximum rotor angular velocity at time t2 

22 The difference between the maximum value and the minimum value of the relative rotor 

angle at time t2 

23 The difference between the maximum and minimum rotor kinetic energy at time t2 

24 Adjustment of total system energy at time t2 

25 Average value of rotor kinetic energy at time t2 

26 The difference between the maximum and minimum rotor acceleration at time t2 

27 Average value of rotor angular velocity at time t2 

28, 29 Average and maximum value of output active power at time t2 

30, 31 Average and maximum value of generator power angle at time t2 

32 Average value of output reactive power at time t0 

3. Transient Stability Evaluation Model Fusing Neighborhood Rough 

Reduction and Extreme Learning Machine 

3.1 Neighborhood Rough Reduction 

With the development of the times and the advancement of science and technology, the data to be 

processed by modern computer systems is becoming more and more large-scale and hyper-

dimensional. It is particularly critical to find the core data you need in the numerous and complex 
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data. Data mining technology is an indispensable link in the process of modern development. Rough 

set method is a type of data mining technology, but the theory of rough set method is aimed at discrete 

data. Before using rough set method on data sets of continuous, symbolic and other data types, it 

needs to be discretized, commonly used; the discretization methods include equal frequency and equal 

distance discretization algorithms, but this type of discretization method faces a common problem, 

how to achieve a good balance between the accuracy of the data and the integrity of the data 

information. For this reason, the neighborhood rough set model proposed by the predecessors can 

effectively deal with this type of problem, and it can directly process mixed data without the need for 

discretization processing [13]. 

Neighborhood rough set reduction uses the forward greedy algorithm, and the main algorithm is 

shown in the following figure. In this algorithm, those attributes with the most important attributes 

are retained to ensure that the kernel is not reduced. If the parameters are set improperly, the kernel 

may also be reduced, but this situation is relatively rare. The neighborhood rough set reduction 

process is shown in Figure 1. 
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Figure 1. Neighborhood rough set reduction process 

3.2 Extreme Learning Machine Algorithm 

ELM is a generalized single-hidden-layer feed-forward network (SLFN), as shown in Figure 2. 
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Figure 2. Structure of single hidden layer feedforward network 

 

Given a training dataset with a total of n instances, NX = 1{( , ) | , }n m N

j j j j jx t x R t R =  , jx  is an n × 1 

input vector, jt  is the m × 1 target vector, The output function of SLFN is: 
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N  is the number of hidden nodes, ϑ is the activation function, iw  is the weight vector connecting 

the i  th hidden node and the input node, i is the weight vector connecting the i th hidden node and 

the output node, ib is the bias of the i  th hidden node, i jw x represents the inner product of iw  and 

jx . 

Different from the traditional artificial neural network based on iterative learning algorithm, ELM 

learns the dataset by randomly selecting the input weights and biases of the hidden nodes and, and 

analyzes and determines the output weight β through direct matrix calculation. 

can be rewritten to compact format as follows: 
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Inside, H called the hidden layer output matrix of the network. Furthermore, the learning language 

learning process can be summarized in three main steps: 

Step 1: Randomly generate input weights iw  and ib  , i  = 1, ..., N . 

Step 2: Calculate the hidden layer output matrix H . 

Step 3: Calculate the output weight matrix †H T = . 

In, †H  is the Moore-Penrose generalized inverse of the matrix H . Therefore, it is still possible to 

randomly assign the parameters of the hidden nodes iw and ib ,And calculate the output weight   by 

(4), to give a small non-zero training error of 1.0. There are several methods for computing the Moore-

Penrose generalized inverse of a matrix, including orthogonal projection, orthogonalization, iteration, 

and singular value decomposition. 

It can be seen that with such a learning scheme, time-consuming training replaces a single 

computational step, and as analyzed in [14], it still ensures prediction accuracy and may tend to 

achieve better generalization performance. In [5], the performance of ELM algorithms, including 

SVM and traditional backpropagation, is compared. The results show that the ELM has relatively 

high performance. 

ELM has been extensively validated on many benchmark datasets and engineering problems, showing 

faster training speed and higher generalization ability. In previous work, the ELM algorithm has been 

successfully applied to the TSA problem, and the obtained numerical results have verified much faster 

learning speed and competitive accuracy than artificial neural networks, SVM and DT. show 

satisfactory performance. 

3.3 Integrated Learning 
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Figure 3. Classifier structure 

 



International Core Journal of Engineering Volume 8 Issue 4, 2022 

ISSN: 2414-1895 DOI: 10.6919/ICJE.202204_8(4).0100 

 

851 

In the field of statistical learning, ensemble learning has been widely proven to be an effective strategy 

for improving the accuracy of individual learning algorithms. For ensemble learning, a group of 

individual learners is trained individually and then combined to make multiple decisions. In this way, 

individual learners can compensate each other, and the overall can reduce overall variance and tend 

to improve individual accuracy. 

Recently, an ensemble classifier called random forest has been used for TSA with very satisfactory 

accuracy. Due to its randomness, ELM can be another ideal candidate for ensemble learning. More 

recently, Xu et al. Reference [5] has proposed an ensemble learning scheme based on ELM, which 

aims not only to improve the accuracy, but also to estimate the confidence of the classification/ 

prediction results. Based on the proposed ELM ensemble learning scheme, potentially inaccurate 

evaluation results can be identified and then processed by T-D simulations, and a reliable real-time 

power system stability evaluation can be achieved. 

On the basis of previous work, this paper proposes a new transient stability prediction method for 

power system after disturbance based on Adaboost-ELM ensemble classifier. The structure of the 

classifier is shown in Figure 3. 

3.4 Model Algorithm Description 

Based on the integration of extreme learning machine classifiers, the generation process algorithm of 

extreme learning machine classifiers based on AdaBoost algorithm is described as follows: 

Given a training set: ( ) ( )  1 1, , , , , 1, 1m m i ix y x y x X y Y  = − + Among them, the feature set of training 

samples is iX ,The class set of samples is Y , The number of training samples is m . 
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tz is the normalization factor, to ensure that  1tD +  is still the distribution. 

The final output is: ( ) ( )( )1

T

t tt
H x sign ELM x

=
=  . 

During the training phase, each ELM not only selects random input weights and biases (i.e w ,b ), but 

also randomly selects a subset of the training data. In this way, the randomness of the ELM is 

expanded and the diversity of the ensemble is greatly expanded. 

4. Experimental Verification Analysis 

4.1 Sample Generation 

In this section, the proposed model is tested on a New England 39-node test system consisting of 10 

generators and 39 nodes, the one-line diagram of which is shown in Figure 4. This is a well-known 

test system used in similar TSA studies in many previous works. 
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Figure 4. New England 10-machine 29-node system wiring diagram 

 

The simulation of this paper is based on the 32-dimensional features proposed above to collect the 

data set, and the New England system with 10 machines and 39 nodes is selected as the collection 

system. The system wiring diagram is shown in Figure 4. The fault type used in this paper is a three-

phase short-circuit fault. The fault occurs in 0.1 seconds, and then the fault is eliminated after 0.15 

seconds, 0.20 seconds, 0.25 seconds, 0.30 seconds, and 0.40 seconds. Set seven load levels, 

respectively 70&, 80 %, 90%, 100%, 110%, 120%, 130% randomly set different fault points under 

each load level, a total of 39 different fault points are considered, so that a total of original feature 

sample data sets are obtained, to determine whether the system is transiently stable based on whether 
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the power angle difference between any two generators in the system is greater than 180°. For each 

operating point, if the tolerance angle difference is less than 180°, the system is stable, and its category 

label is marked as 1; Otherwise, the system is unstable and its class label is marked -1. For each test 

system, the generated data was randomly divided into two groups, one as the training set and the other 

as the test set, where the training set accounted for 75% and the test set accounted for 25% of all 

instances. 

4.2 Feature Selection Results 

After data collection, a data set of 32-dimensional conditional attributes and one-dimensional 

decision-making attributes is obtained, and the data set is subjected to neighborhood rough set 

reduction and dimension reduction to remove redundant data to facilitate faster operation and 

processing to obtain results. Using the neighborhood rough set for reduction, with different 

neighborhood values, different reduction results can be obtained. The results are shown in Table 2. 

 

Table 2. Rough set reduction results in different neighborhoods 

threshold level rough set reduction set 

1 1,2,6,11, 21,22,24, 26,29,31,32 

2 2, 7,9, 14,20,21, 22,24,26, 29,32 

3 21,22, 24,26,29,31,32 

4 1,2,9,14,20,21,22,24,26,30,32 

5 1,21,22,24,26,29,32 

6 11,20,21,22,24,26,29,32 

7 11,20,22,24,26,29,30,32 

8 9,11,20,21,22,24, 26,29,32 

9 9, 20,21,22,24, 26,32 

10 9,21,22,26,31,32 

11 11, 20,21,22,29,31,32 

12 2, 9, 11, 20, 21, 22, 29, 32 

13 1, 2, 9, 11, 20, 21, 22, 32 

14 1, 2, 9, 11, 22, 32 

15 1, 2, 22, 30, 32 

16 1, 2, 21, 22, 30, 32 

17 1, 2, 20, 21, 30, 32 

18 1, 2, 22, 29, 30, 32 

19 1, 2, 29, 30, 32 

20 1, 2, 21, 29, 32 

 

The different results of the twenty reductions give people a dazzling feeling. For this reason, 

MATLAB is used to carry out classification training with different classifiers to determine the 

appropriate neighborhood value. The classifiers are SVM, KNN, LR (logistic regression)), LD 

(Linear Discriminant Analysis), TREE (decision tree) and the results are shown in Table 3. 
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Table 3. Different neighborhood threshold results table 

threshold SVM KNN LR LD tree mean 

0 0.955 0.929 0.955 0.949 0.938 0.9452 

1 0.953 0.941 0.954 0.943 0.950 0.9482 

2 0.952 0.952 0.951 0.940 0.965 0.9520 

3 0.942 0.968 0.944 0.936 0.955 0.9490 

4 0.945 0.955 0.955 0.946 0.956 0.9514 

5 0.939 0.964 0.939 0.937 0.958 0.9474 

6 0.942 0.949 0.940 0.935 0.960 0.9452 

7 0.929 0.962 0.929 0.927 0.952 0.9398 

8 0.951 0.954 0.951 0.943 0.964 0.9526 

9 0.945 0.963 0.947 0.938 0.951 0.9488 

10 0.951 0.946 0.949 0.940 0.947 0.9466 

11 0.939 0.95 0.942 0.935 0.963 0.9458 

12 0.944 0.929 0.947 0.933 0.954 0.9414 

13 0.945 0.932 0.944 0.936 0.958 0.9430 

14 0.910 0.893 0.900 0.906 0.926 0.9070 

15 0.829 0.882 0.838 0.837 0.839 0.8450 

16 0.940 0.950 0.937 0.936 0.943 0.9412 

17 0.926 0.945 0.929 0.925 0.947 0.9344 

18 0.927 0.933 0.924 0.922 0.935 0.9282 

19 0.829 0.879 0.838 0.838 0.847 0.8462 

20 0.927 0.927 0.924 0.930 0.921 0.9258 

 

It can be seen from Table 3: How to determine the best results for different neighborhood thresholds, 

for this purpose, the average value of different classifier training results is uniformly obtained as the 

selection basis. In contrast, the 8th group has the most reduction effect. Therefore, the threshold is 

selected as 8 neighborhoods for reduction. The result is features 9, 11, 20, 21, 22, 24, 26, 29, 32. 

4.3 Selection of the Number of Neurons 

 

Figure 5. The Influence of the Number of Neurons on the Performance of the Extreme Learning 

Machine 
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The selection of the number of neurons in ELM is a critical issue, and a suitable number will bring 

great convenience to subsequent calculations. For this purpose, different numbers of neurons are used 

for multiple training, the accuracy of training is compared, and the optimal number of neurons is 

selected. Repeat the above 100 times, and take the average value of 175 as the optimal number of 

neurons for subsequent work. The results are shown in figure 5. 

4.4 Evaluation Indicators 

In order to describe the performance of the model more comprehensively, the accuracy rate, the false 

positive rate, and the missed judgment rate are specially selected for performance evaluation. True 

negative (TN) is actually the number of samples predicted by negative samples to be negative samples; 

False positive (FP) is actually the number of samples predicted by negative samples to be positive 

samples; False negative (FN) is actually positive the number of samples predicted as negative samples; 

True positive (TP) is actually the number of samples predicted as positive samples from positive 

samples. T and F indicate whether the prediction is correct, and P and N indicate whether the 

prediction result is a positive or negative example. 

 

Table 4. Confusion matrix 

The actual situation 1(Positive example) -1(Counter example) 

1 TP FN 

-1 FP TN 

 

Accuracy: The percentage of correct predictions. 

 

0

TP TN
f

TP TN FP FN

+
=

+ + +  

 

False positive rate: The proportion of samples that are actually positive classes among the samples 

that the model incorrectly predicts are negative classes. 

 

1

FN
f

TP FN
=

+  

 

Missing rate: The ratio of the number of samples that the model incorrectly predicted to be positive, 

accounting for the total number of positive samples. 

 

2 =
FP

F
f

P TN+  

4.5 Selection of the Number of Integrations 

For the integrated ELM, different weak learning opportunities lead to different training effects. 

Generally speaking, the more weak learning machines, the better the effect. However, the training 

time is greatly increased, and the training effect is limited. , so we need to balance these two points 

to select a reasonable number of weak learning. After multiple trainings, it is found that it is more 

appropriate to take 8 weak learning machines, which can achieve a balance in terms of time and 

efficiency. As shown in Figure 6. 
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Figure 6. The Influence of the Number of Weak Learning Machines on the Error Rate of Strong 

Learning Machines 

 

In order to verify the advantages of this model, the neural network models that have been studied 

more are selected for comparison, and the average value of multiple trainings is taken as the final 

result. The results are shown in Table 5. 

 

Table 5. Results comparison table 

method time/S Test percentage 

Correct rate false positive rate omission rate 

Ad-ELM 6.191425 97.3 1.1482 9.5238 

DT 24.76375 96.6 2.0000 11.000 

SVM 19.353125 94.8 3.0000 21.000 

 

It can be seen from Table 5 that the correct rate of Ad-ELM is 97.3%, which is higher than that of 

other methods. It is also better than other methods in terms of time, false positive rate and missed 

judgment rate. It effectively proves the advantages of its model. 

5. Conclusion 

This paper firstly introduces the ELM theory, and establishes a transient stability evaluation model 

based on Adaboost-ELM. Through initial training with offline generated data, a new steady-state 

analysis model can be implemented in real time; since its training speed is fast enough, it can be 

updated online with real-time operational information, so that its performance can remain accurate 

and fast. 

In order to improve the performance of ELM and further filter the core features, the neighborhood 

rough set theory is used to reduce the feature set to obtain the key features. At the same time, ensemble 

learning is used to further improve the performance of the ELM algorithm. The model was tested on 

The best 

point
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a New England 10-machine 39-node test system and compared with other advanced algorithms. The 

simulation results show that the model has the advantages of fast calculation speed and high precision. 

However, in actual production, various problems will be encountered, such as communication delays, 

errors in measurement devices and many other problems, which may lead to missing data. These 

issues will be improved in the follow-up work. 
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