






	Computers, Materials & Continua
DOI:10.32604/cmc.2022.020263
	[image: images]



	Article
	




An Optimal DF Based Method for Transient Stability Analysis

Z. A. Zaki1, Emad M. Ahmed1,*, Ziad M. Ali2,3 and Imran Khan4

1Department of Electrical Engineering, College of Engineering, Jouf University, Sakaka, 2014, Al-Jouf, Saudi Arabia
2Electrical Engineering Department, College of Engineering, Prince Sattam bin Abdulaziz University, Wadi Addawaser, 11991, Saudi Arabia
3Electrical Engineering Department, Aswan Faculty of Engineering, Aswan University, Aswan, 81542, Egypt
4Department of Electrical Engineering, University of Engineering and Technology Peshawar, Pakistan

*Corresponding Author: Emad M. Ahmed. Email: emamahmoud@ju.edu.sa

Received: 17 May 2021; Accepted: 30 June 2021

Abstract: The effect of energy on the natural environment has become increasingly severe as human consumption of fossil energy has increased. The capacity of the synchronous generators to keep working without losing synchronization when the system is exposed to severe faults such as short circuits is referred to as the power system's transient stability. As the power system's safe and stable operation and mechanism of action become more complicated, higher demands for accurate and rapid power system transient stability analysis are made. Current methods for analyzing transient stability are less accurate because they do not account for misclassification of unstable samples. As a result, this paper proposes a novel approach for analyzing transient stability. The key concept is to use deep forest (DF) and a neighborhood rough reduction approach together. Using the neighborhood rough sets, the original feature space is obtained by creating many optimal feature subsets at various granularity levels. Then, by deploying the DF cascade structure, the mapping connection between the transient stability state and the features is reinforced. The weighted voting technique is used in the learning process to increase the classification accuracy of unstable samples. When contrasted to current methods, simulation results indicate that the proposed approach outperforms them.

Keywords: Transient stability analysis; power system; cascade structure; optimal power flow

1  Introduction

The development of grid interconnection and intelligence makes today's power grids increasingly complex and open; while the scale of power grids continues to expand, uncertain risk factors are also increasing [1–5]. This puts forward higher requirements for the safety and stability analysis of the power grid. The transient stability assessment of the power system requires that when a large disturbance occurs, it is required to judge whether the system can maintain a synchronous steady state in time. In the face of complex large power grids, traditional power system transient stability assessment approaches based on physical models have low efficiency [6–13], and it is difficult to satisfy real-time online assessment criteria, and certain simplifications and assumptions that the actual situation causes deviation. Currently, the development of synchronized phasor measurement devices and wide-area measurement systems [14–18] allows researchers to collect massive amounts of power system synchronization data in real time, providing new ideas for researchers to try to solve this problem from a data mining perspective.

The application of various power transmission methods and new energy technologies have made the grid structure and operating conditions more complex, leading to more risks for the safe and stable operation of the power system. Transient stability analysis is an important content of power system safety analysis. At present, the commonly used traditional analytical methods such as time domain simulation, direct method, etc., because the former is computationally intensive and time-consuming, the latter is used in complex systems. It is difficult to construct an energy function that satisfies the conditions and other defects, and cannot meet the real-time requirements of the security and stability assessment of large power grids. Therefore, how to accurately and quickly identify transient stability in the early stage of system failure is a problem that needs to be solved urgently in the online security analysis link, and it is also an important foundation for the realization of the idea of “measurement, identification, and control”.

The transient stability evaluation method based on data mining has attracted more and more scholars’ attention in recent years because it can meet the requirements of real-time online evaluation and has high evaluation accuracy [19–25]. It treats the power system transient stability assessment problem as a two-category pattern recognition problem. By establishing a set of transient feature sets that are strongly related to the transient stable state and collecting a large amount of sample data, the classification model is used to perform offline learning of the nonlinear mapping relationship between the transient feature set and the transient stable state. Furthermore, the trained classification model is used to conduct online evaluation of the newly received power grid sampling data to meet the requirements of real-time transient stability evaluation [26–29]. Compared with the traditional physical model-driven transient stability evaluation method, the data-mining-based transient stability evaluation method is data-driven and has higher evaluation accuracy while satisfying the rapidity of evaluation [30–35].

2  Related Work

The current research on transient stability assessment methods based on data mining mainly includes two aspects: feature selection and classifier construction. In the study of feature selection, there have been methods such as principal component analysis [36,37], cultural algorithm [38], support vector machine [39] for transient feature extraction, and good results have been achieved. In terms of classifier construction, the current transient stability assessment models mainly include support vector machines [33,40–44], decision trees [45–47] and neural networks [36,48,49]. Among them, literature [40,41] propose power grid transient stability assessment methods based on integrated multiple support vector machines from the perspective of model parameters and input feature space. Reference [33] improves on traditional support vector machines, and proposes a regularized projection twin support vector machine transient stability assessment method. Literature [45,46] designs prediction models based on decision trees. However, the methods mentioned above are all shallow models, and the accuracy of the evaluation still needs to be further improved. In addition, shallow models often have problems such as poor generalization ability and low training efficiency when processing large-scale grid data [50]. In contrast, transient stability assessment methods based on deep learning models have more advantages. On the one hand, through the multi-layer serial deep architecture, abstract characterization learning of features can be performed to strengthen the nonlinear mapping relationship between feature quantities and label attributes. On the other hand, compared with the shallow model, the deep learning method has stronger learning ability and generalization ability, and the evaluation accuracy is higher. However, deep learning models usually need to be built on the basis of a large number of sample data. In the case of a small number of samples, due to insufficient fitting accuracy of the data distribution, the evaluation accuracy is usually low. In addition, in order to make an unbiased estimation of the distribution of training samples, the existing deep learning methods represented by deep confidence networks [50–53] often assume that the distribution of transiently stable samples and transiently unstable samples is balanced, and lacks Pay attention to transient instability samples. In the actual grid operation, the grid maintains a transient stable state in most cases, and transient instability is very rare. Therefore, the data volume of transiently stable samples and transient instability samples is often obviously unbalanced. relationship. In order to improve the accuracy of evaluation when learning and training traditional classification models, they tend to place more emphasis on transiently stable samples that account for the majority of samples, resulting in lower classification accuracy for transiently unstable samples. In practice, if a transient instability sample is misjudged as a transient stable sample, it will affect the system dispatchers to take protective measures in time, posing a major threat to the security of the power grid. Therefore, on the basis of ensuring the overall evaluation performance, more attention should be paid to the accuracy of the evaluation of transient instability samples.

In light of the aforementioned issues, this research provides a power system transient stability assessment approach that combines neighborhood and deep forest rough reduction. The forest created by decision tree integration is further integrated, and the original transient features’ representation learning is accomplished using the cascade approach to abstractly produce a high-dimensional feature space that is better suited to classification learning. To further boost the deep forest's characterization learning capacity, we used neighborhood rough reduction to locate numerous sets of various optimal feature subsets at varying degrees of granularity to re-characterize the original feature space. The classification algorithm now pays greater attention to transient instability samples thanks to the addition of a weighted voting mechanism. The experimental findings suggest that the proposed strategy may successfully minimize the misclassification rate of transient instability samples while also improving evaluation accuracy. In comparison to classic deep learning approaches, the suggested technique produces superior assessment results even when the sample size is small, is less impacted by irrelevant features and sample set imbalance, and has some robustness and application.

3  Transient Feature Set

The core of the transient stability assessment method based on data mining is to design a classification model to learn and fit the complex non-linear mapping relationship between the transient characteristic quantity of the power grid and the transient stable state (category). The transient feature set with highly correlated state is the foundation and key of this kind of method. There are currently two ways to construct the initial transient feature set of the power grid. The first type directly constructs the initial transient feature set based on the power flow of the system before and after the fault, such as the voltage amplitude, phase, active and reactive power distribution of each bus in the system. This method directly learns the classifier based on the original data at the bottom of the power grid, and does not rely on expert experience for feature selection [48], but the scale of the selected transient feature quantity fluctuates greatly with the change of the system scale. In actual large systems, too many input features will not only cause serious computational burden, reduce the accuracy of the classification learning algorithm, but also prone to “dimensionality disaster” phenomenon [38]. The second is to construct an initial feature set based on the combined variables of the system parameters before and after the fault. The transient stable state can be fully characterized by considering the selection of “combined characteristic quantities” of a group of systems under different time and space factors. This method requires certain expert experience knowledge, but the advantage is that the selected feature set is fixed and does not change with the change of the system object, and it is more general. At the same time, considering the completeness in time and space, it can better reflect the impact of changes in the operating environment on the transient stability characteristics of the system. This article chooses the second method to construct the initial transient feature set.

When using the “combined feature quantity” method to construct the initial transient feature set, three aspects: the systematic principle, the mainstream principle and the real-time principle are usually considered [38,49,54], that is, the selected feature quantities must meet: 1) The scale of the selected feature quantity does not change with system changes, and should be the combined index of the state variables of each component in the system; 2) There is a high correlation between the selected feature quantity and the transient stable state; 3) The chosen feature quantity must be completed in a timely manner, and it must represent the state of the system before and after the fault occurs in order to fully comprehend the fault's effect on the system. According to the above three principles, on the basis of a large number of simulation experiments, and based on the study and summary of the existing literature [43–45,49,50,54–56], the 32-dimensional transient characteristic quantities were determined.

It can be seen that the transient characteristic quantities constructed in this paper are not affected by the scale of the system, and are all combined indicators of the state variables of the components in the system. In terms of time, it covers the three different phases of the system state at the time of steady state (features 1 and 2), the time of fault occurrence (features 3∼11) and the time of fault clearing (features 12∼32), which can fully reflect the fault brought to the system impact. The selection of characteristic quantities is mainly based on the combination of system physical quantities reflecting the rotor state and system operation level. Among them, the characteristics 6, 7, 17∼19, 29 are related to the rotor angle, reflecting the synchronous operation state of the generator; the characteristics 5, 8∼15, 20∼27, 30, 31 are related to the rotor speed and acceleration, reflecting the disturbance The influence of rotor movement; characteristics 1∼4, 16, 28, 32 are related to the operating level of the system, reflecting the influence of the fault on the power balance of the system. Therefore, the established transient feature set can well reveal the impact of fault impact on the system stability trend.

4  Basic Principles of the Model

From the point of view of data mining, power system transient stability assessment is essentially a process of learning and classifying the corresponding data set. In order to facilitate the analysis, this article describes the classification task as a decision system DS=⟨U,C,D,f⟩. In the formula, U={x1,x2,…,xm} is the set of all samples xi in the data set, i=1,2,…,m; C={c1,c2,…,x32} are the transient states of the samples Feature sets, also called conditional attributes. Where ci corresponds to the i-th feature in Tab. 1. D is the label attribute of the sample, also called the decision attribute, which represents the transient stable state of the sample. If the sample is unstable, the label is taken as 0, otherwise it is taken as 1. f is an information function, which is used to specify the value of the sample under the corresponding feature attribute, and remember that the value of the sample xi under the feature f(xi,c).
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4.1 Rough Neighborhood Reduction

Since the construction of transient features relies on expert experience, after the initial transient feature set is constructed, it can usually be further compressed or reduced to extract key features and reduce the redundancy of the feature set [39,42,56]. For this reason, this paper introduces the method of neighborhood rough set [57] to further reduce the initial transient feature set.

For a classification task of transient stability assessment DS=⟨U,C,D,f⟩, where C is a set of conditional properties, B ⊆ C, ∀ xi∈U, define the neighbor of xi in the feature space B domain is

δB(xi)={xj∣xj∈U,ΔB(xi,xj)≤δ}(1)

In the formula, δ is the neighborhood threshold, which is a real number between 0 and 1; ΔB(xi,xj)=∑∀c∈B|f(xi,c)−f(xj,c)|2 is the distance function which represents the similarity between sample xi and sample xj in feature space B. The larger the ΔB(xi,xj), the lower the similarity between xi and xj in feature space B. Eq. (1) indicates that under feature set B, all sample sets that have similar feature values to sample xi. δ plays a role in controlling the particle size of the sample neighborhood. The smaller the δ, the higher the similarity between the neighborhood sample of xi and xj, and the fewer individuals in the neighborhood.

Further, the entire sample set is divided into a stable sample set 1d and an unstable sample set d0 according to the decision attribute (label attribute) D, then the positive domain of the sample set with respect to the feature set B is defined as

POSB(D)=NB_d1∪NB_d0(2)


where NB_d1={xj∣δB(xj)⊆d1,xj∈U} and NB_d0={xj∣δB(xj)⊆d0,xj∈U}.

It can be seen from Eq. (2) that if a sample is in the positive domain, all samples with similar feature values have the same label category. This shows that the sample can be accurately classified under the feature set B. The more samples in the positive domain, the better the separability of feature set B and the stronger the classification ability, which is more conducive to the learning of classification algorithms. Similarly, call BNB(D)=U−POSB(D) as the boundary domain of the sample set with respect to the feature set B. The boundary domain reflects the inconsistency of the relative label attributes of the sample set under the feature set B. Compared with the samples in the positive domain, the samples in the boundary domain are more likely to be misclassified. The size of the positive field reflects the classification ability of different feature sets. In order to reduce the features, only a subset of features needs to be found to make its relative decision. The size of the positive field can be the same as the original feature set. To achieve this goal, a forward feature selection strategy based on the filter algorithm can be used. The reduction set is initialized as an empty set, and the feature that maximizes the positive domain of the sample set relative to the current reduction set is added each time, and the above process is repeated until the stopping condition is met. The specific steps are as follows:

1)For the classification task of transient stability assessment DS=⟨U,C,D,F⟩. Let the reduction set RED = ∅, and the neighborhood threshold δ is given. The data is normalized using the min-max standardization method.

2)For each feature ai in C−RED, calculate POSai∪⁡RED(D), find the feature al that satisfies POSal∪⁡RED(D)=maxiPOSai∪⁡RED(D), and put it into the reduction set, that is, RED=RED∪⁡al.

3)If POSRED(D)≠POSC(D), continue to step 2) to execute, otherwise output the reduced feature set RED.

By setting different neighborhood thresholds δ, the neighborhood particle size of the sample can be controlled, and the reduction results at different granularity levels can be obtained.

4.2 Decision Tree Forest

A decision tree is a classification model with a tree structure, which starts from the root node and performs feature selection and sample partitioning at each child node to obtain different node rules. Each child node corresponds to a feature, and each node rule represents a way to divide the sample under the selected feature. According to the obtained node rules, different samples are assigned to each child node in turn. The above process is recursive, and the sample is continuously divided until it reaches the leaf node. Each leaf node represents a category label of the sample. For decision trees, the feature selection at each node and the way of sample division are very important. The commonly used measurement methods for feature selection of decision tree nodes usually include information gain ratio and Gini index. For a classification task of transient stability assessment DS=⟨U,C,D,F⟩, D is a decision attribute that divides the sample set U into a stable sample set d1 and an unstable sample set d0.

If the sample set U is divided into two parts U1 and U1 according to a certain division value under the feature c, then for the sample set U, the information entropy is defined as

H(U)=−|d1||U|ln⁡|d1||U|−|d0||U|ln⁡|d0||U|(3)

The information gain ratio of feature c to data set U is defined as

IR(U,c)=H(U)−|U1||U|H(U1)−|U0||U|H(U0)H(U)(4)

For the sample set U, the Gini index is defined as

Gini(U)=1−(|d1||U|)2−(|d0||U|)2(5)

The Gini index of feature c on the data set U is defined as

Gini(U,c)=|U1||U|Gini(U1)+|U0||U|Gini(U0)(6)

Through the integration of multiple decision trees, a decision tree forest can be further formed. The decision tree forest is an ensemble learning model, which votes in a way that the minority obeys the majority and gives the final decision result. Because it comprehensively considers the prediction results of multiple models, it has high evaluation accuracy and strong robustness. According to the input space composition of the sub-classifier and the feature selection method, the decision tree forest can be further divided into random forests [58], completely random tree forests [59] and extreme random trees [60]. Specifically, for a decision-making system containing n input features, the random forest randomly selects m (m < n) sub-features as the input feature set of each tree, and in the random subset according to the information gain ratio or Gini index to find the best feature and division point on each node. This paper adopts the empirical value n recommended by the literature [58,61] as the value of the sub-feature selection number m. The completely random tree forest randomly selects a feature from the original input features at the node of each tree and passes the information gain ratio or Gini index is used to find the optimal division point. While the extreme random tree randomly selects the features and division points at the node of each tree.

5  Proposed Algorithm

Deep forest [58,61] is an integrated model based on decision tree forest under deep architecture. It strengthens the diversified learning ability of the model by further integrating multiple different decision tree forests and realize multi-layer representation learning in deep learning architecture. The deep forest mainly includes two parts: the cascade structure and the enhancement and characterization of input features.

5.1 Cascade Forest Structure and Voting Weighting Mechanism

The deep forest is composed of multiple learning layers in series, where each learning layer is integrated by several decision tree forests. The output probability vector of each layer to the sample label together with the original input features reconstitutes the input features of the next learning layer, and the cascade structure is shown in Fig. 1.

The decision tree forest is composed of several decision trees, and each decision tree will output the corresponding transient stability assessment results. For each decision tree forest in the learning layer, by calculating the proportion distribution of trees with stable evaluation results and trees with unstable evaluation results in the forest, a two-dimensional class distribution vector is finally generated, indicating that the samples are located in different transient states probability in the state. If each level contains M decision tree forests, each layer will output M 2-dimensional probability vectors about the class distribution, which are connected in series to form a 2 × M-dimensional enhanced feature. These 2 × M-dimensional enhanced features will be connected together with the original 32-dimensional input features to form a new feature vector of is used as the input feature of the next learning layer. Through the step-by-step abstract reinforcement of the feature vector, high-order features that are more conducive to classification learning can be extracted, and the multi-layer representation learning effect in the deep learning framework can be achieved. In order to ensure diversification of learning, in each level of learning, this paper selects random forests based on information gain ratio and Gini index (respectively marked as RFI and RFG), and completely random tree forests based on information gain ratio and Gini index (respectively recorded respectively). There are five different types of forests (CRFI and CRFG) and extreme random trees (denoted as ERF).
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Figure 1: DF architecture

In the power system transient stability assessment problem, the transient instability samples are often small, and there is an obvious imbalance in the number of transient stability samples, so the classifier tends to learn in the direction that is conducive to the classification of transient stability samples. However, the cost of misjudging transient instability samples is higher, so in practice, more attention should be paid to improving the assessment accuracy of transient instability samples. For this reason, when the class distribution vector is generated at each level, the weighted voting mechanism shown in Fig. 2 is introduced to strengthen the importance of transient instability samples in the learning process.

For a classification task of transient stability assessment DS=⟨U,C,D,F⟩, U=Us∪⁡Uu, x∈U. Among them, Us and Uu are stable samples and unstable samples, respectively. If the decision tree forest is composed of Y decision trees, where the evaluation result is that there are Ys trees for stable trees, and the evaluation result is that there are Yu trees for unstable trees, then the probability of the forest with respect to the class distribution is defined as

P(f(x,D)=1∣f(x,C))=YsYs+|Us||Uu|Yu(7)

P(f(x,D)=0∣f(x,C))=|Us||Uu|YuYs+|Us||Uu|Yu(8)

Eqs. (7) and (8) respectively represent the conditional probability of transient stability and transient instability when the eigenvalues are input for a given sample. It adaptively weights the class vectors according to the degree of imbalance between the two types of samples, and gives higher weight to the transient instability samples. The more serious the imbalance of the sample, the higher the weight assigned to the unstable sample. Therefore, in the learning process, the emphasis on transient instability samples can be better strengthened, and the misjudgment of transient instability samples can be reduced.
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Figure 2: Paradigm for weighted voting

In the training process of the deep forest, each additional level will be aligned with each level of the forest on the verification set for verification and evaluation. For each input of a prediction sample, the probability vectors generated by all forests are averaged at each level of learning, and the category with the largest probability output will be used as the prediction label of the sample. If the classification performance does not increase, stop training.

5.2 Input Features to Enhance Re-Characterization

Compared with the shallow learning model, the advantage of the deep learning method lies in its powerful ability to deal with feature relationships. By re-characterizing the original feature space, the relationship between the feature quantity and the label attribute can be strengthened. Non-linear mapping relationship, thereby further strengthening the representation learning ability of deep forest [61]. This paper uses neighborhood rough reduction to find multiple sets of different optimal feature subsets at different granularity levels to re-characterize the original feature space, as shown in Fig. 3.

[image: images]

Figure 3: Architecture for re-characterization

In Fig. 3, by setting different neighborhood thresholds for the rough reduction of the neighborhood, the original feature space is reduced to several different feature subspaces. Use five forests of RFI, RFG, CRFI, CRF and ERF to train the samples in each feature subspace. Each forest will generate a 2-dimensional probability vector about the class distribution, so the sample will generate a 10-dimensional probability vector in each feature subspace. By concatenating the probability vectors generated under the N feature subspaces, the original 32-dimensional initial feature vector will be re-characterized as a 10 × N-dimensional high-order feature. The enhanced re-characterization of the input features provides more sufficient information than the original feature space, and the greater the difference in the selected feature subspaces, the stronger the representation ability and the better the learning effect.

Fig. 4 shows the overall evaluation model integrating rough reduction of neighborhood and deep forest. Use neighborhood rough reduction to find several different feature subspaces at different granularity levels, and re-characterize the original feature vector under these feature subspaces. Each level of the deep forest learning layer is composed of five different types of decision tree forests, and each layer will output a 10-dimensional class vector, which will be used as an enhanced feature and a re-representation feature in series to form the next level of learning layer Input characteristics. Assuming that the dimension of the re-characterization feature is 60, the input of each level is a high-order abstract feature of 70 (=60 + 10) dimensions. The final model will take the average of the 2-dimensional class vectors generated by the last level of the five types of forests, and output the label with the highest probability as the model prediction result.
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Figure 4: Overall evaluation framework

The transient stability assessment model framework proposed by the transient stability assessment process combining rough reduction of neighborhood and deep forest is shown in Fig. 5. It mainly includes two parts: offline model training and online transient stability evaluation. The feature data is sampled offline through time-domain simulation, the feature subspace is determined by the rough reduction of the neighborhood and the original input features are re-characterized, and then deep forest model training is performed on this basis. Whenever the online feature data of the power grid is received, it is re-characterized in the feature subspace obtained from the rough reduction of the offline neighborhood, and then sent to the trained deep forest model for simultaneous evaluation, giving the power grid transient stability The prediction result of the state, for the grid dispatcher to make further decisions policy to provide support.
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Figure 5: Proposed model for transient stability analysis

6  Experimental Analysis

In order to verify the effectiveness of the evaluation model proposed in this paper, time-domain simulation was performed on the IEEE 10-machine 39-node system [62], and data collection was performed according to the characteristics in Tab. 1. Two operating environments of standard system topology and N − 1 failure are considered in the simulation. In the N − 1 fault environment, it is assumed that any transmission line or transformer in the system fails due to a fault. With 5% as the step length, set a total of 10 different load levels from 80% to 125%, and at the same time change the generator output accordingly. Twenty fault locations are randomly selected under each operating environment, the fault type is set to three-phase short circuit, assuming that the fault occurs in 0.1 s, and the fault is cleared at 0.2, 0.25, 0.3, and 0.35 s respectively. After the fault is cleared, the lines overlap and the system topology remains unchanged. The simulation duration is set to 5 s. At the end of the simulation, whether the power angle difference of any two generators in the system exceeds 180° is used to judge the transient stable state of the system. If it exceeds 180°, the transient instability of the system is judged, and the corresponding category label is recorded as 0. Otherwise, the system is judged to be stable and the category label is denoted as 1.

The above simulations are all realized in MATLAB/Simulink. The simulation have total 8000 data samples, which 5104 is specified for training set and 2896 is for test set. The K-Means method is deployed to discretize the continuous input value. After completing the sample sampling, the Min-Max standardization method is used to normalize all the sample data to eliminate the influence of the difference in attribute dimension on the learning process.

6.1 Model Evaluation Index

Given that the power system transient stability assessment problem has the characteristics of sample imbalance and misclassification cost imbalance, in order to describe the performance of the model more comprehensively, the classification accuracy (AC) and safety (SD) shown in Tab. 1 are selected in the experiment. G-means indicator (GM) and F-measures indicator (FM) are for performance evaluation. In the table, TS, FS, TU, FU represent the number of stable samples correctly classified, the number of stable samples incorrectly classified, the number of unstable samples correctly classified, and the number of unstable samples incorrectly classified. Among them, the degree of safety reflects the accuracy of the model's classification of transient instability samples. The greater the degree of safety, the lower the rate of misclassification of transient instability samples and the higher the relative safety of the system. The G-means indicator comprehensively considers the evaluation accuracy of transient stable samples and transient instability samples. The larger the G-means value, the more balanced the model's learning of different types of samples, and the better the evaluation performance. The F-measures indicator comprehensively considers the evaluation accuracy and recall rate of unstable samples. The F-measures value will only increase when the accuracy of classifying unstable samples is improved while maintaining a low level of sacrifice for stable samples. In order to avoid the contingency of the experimental results, this paper uses a ten-fold cross-validation method to calculate the performance indicators of the above models in the experiment.

6.2 Model Parameter Influence

The model parameters mentioned in this paper mainly fall into two categories, including the setting of the neighborhood threshold in the rough reduction stage of the neighborhood and the number of trees contained in the decision tree forest in the model. In the rough reduction stage of the neighborhood, first, according to the recommended neighborhood threshold range [0.1, 0.3] in [57], set the corresponding neighborhood threshold with a step size of 0.02 to perform the reduction operation, and select the largest group of reduction results are used as the final feature subset. Specifically, each selected feature subset should have at least 30% different features to ensure the diversity of learning. In addition, in order to ensure that the re-characterized features have better classification performance, they are usually mapped to a higher-dimensional space for high-level abstraction. At the same time, considering that the memory overhead of the converted data should not be too large, it is usually re-characterized. The size of the feature set can be taken as 2∼4 times of the original feature set. Correspondingly, a different number of feature subsets can be obtained by the neighborhood rough reduction method. In this paper, 6 groups of feature subsets are selected, and the results are shown in Tab. 2.
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The order of the features in Tab. 2 is given in the order selected in the neighborhood rough reduction algorithm. The final selected feature subset has a total of 6 groups. By enhancing the original input features under the corresponding feature subspace, a 60-dimensional re-characterization feature can be obtained, which will be further concatenated with the 10-dimensional class vector of each level of learning layer, they form 70-dimensional high-level abstract features and participate in learning as the input features of the next level.

Further study the influence of the number of trees contained in the decision tree forest on the performance of the model. With 5 as the step size, the number of trees in the decision tree forest is set to change from 5 to 25. Ten-fold cross-validation was used to evaluate the performance of the model under different parameters. The results are shown in Tab. 3.
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It can be seen from Tab. 3 that when each decision tree forest contains more than 10 decision trees, the performance of the model no longer improves significantly, and it begins to stabilize. In order to reduce the computational load of the model and avoid unnecessary waste of storage space, in the following experiments, this paper assumes that each forest in the model contains 10 decision trees.

6.3 Performance Comparison of Different Models

In order to verify the performance of the model, the commonly used power system transient stability assessment classifiers are selected for comparative analysis. The selected classifier models include C4.5 decision tree, classification regression tree (CART), naive Bayes (NB), support vector machine (SVM), and artificial neural network (ANN). Among them, the ANN uses a three-layer hidden layer structure, and the training algorithm uses a momentum gradient descent algorithm; SVM uses the default parameter settings of the MATLAB toolbox (linear kernel, sequence minimum optimization algorithm). For convenience, the algorithm in this paper is abbreviated as NRRDF in the following. The results are shown in Tab. 4.

[image: images]

It can be seen from Tab. 4 that compared with other methods, the proposed method has the best performance on the four evaluation indicators. It not only has higher overall evaluation accuracy, but also can improve the performance of transient instability samples. Pay attention to effectively reduce the misjudgment of transient instability samples. Taking ANN as an example, the overall classification accuracy of the proposed model is increased by 3.27%, while the classification accuracy for transient instability samples is increased by 6.26%. This is caused by the learning limitations of the shallow model itself. On the one hand, the shallow model cannot perform efficient characterization learning for feature input, and it is difficult to fully extract useful information in the feature, so the generalization learning ability for many complex nonlinear mapping problems is limited. On the other hand, the existing methods all assume that samples of different categories are evenly distributed in the learning process, and lack of attention to sample imbalance. In contrast, the proposed model can effectively perform high-level abstract transformation of feature information through the enhanced re-characterization of the original feature input and the multi-level serial feature learning structure under the in-depth framework, and dig more hidden in rich information in the data improves the learning ability of the model. In addition, since the class vector is adaptively weighted according to the sample imbalance in the learning process, the transient instability samples are given higher weights, so the model can effectively increase the importance of transient instability samples and reduce false judgment rate.

In order to further reflect the adaptability of the model to the characteristic data under the untrained grid topology, all 800 sets of data collected under a certain grid topology are randomly selected as test data, and the remaining 7200 sets of data collected under other topologies are used as training data to test the performance of the above models, and the results are shown in Tab. 5.
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It can be seen from Tab. 5 that without training, the classification performance of each model for characteristic data under the new power grid topology has decreased. Among them, the NB drops the most, because it is an algorithm based on sample probability, which will have a greater impact on performance when the probability distribution of the sample is not fully learned. The performance of C4.5, CART, SVM, ANN, etc. is relatively stable, but the performance of the safety index of the characteristic data under the new topology is poor, which means that it has a higher rate of misclassification of new transient instability samples. In contrast, the proposed NRRDF is not only relatively stable, but also has the best performance on the four indicators, which shows that it has good adaptability to the feature data under the untrained grid topology. The model in this case is more robust.

6.4 Model Performance Under Different Sample Sizes

This section further studies the performance of the model under different sample sizes. Since one of the characteristics of deep learning is the ability to efficiently learn big data, this section selects the most representative deep belief network (DBN) in deep learning for performance comparison. From the original 8000 sets of sample data, using 1000 as the step size, randomly select 1000 to 8000 sets of sample data; under different sample sizes, ten-fold cross-validation is used to evaluate the performance of the proposed model and DBN. The DBN has selected a 3-layer network structure of {10-15-20}, which has been passed many times according to the empirical method. The experiment selects the network structure parameters under the optimal results. The experimental results are shown in Fig. 6.
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Figure 6: Comparison of the proposed and existing algorithm with increasing number of samples. (a) A, (b) GM
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It can be seen from Fig. 6 that when the number of samples is small, the performance indicators of DBN have a large gap compared with NRRDF; as the number of samples increases, the performance indicators of DBN gradually improve and the smaller the number of samples, the more obvious the performance improvement effect brought by increasing the samples. When the number of samples reaches 4000, the performance indicators of DBN begin to become saturated and show a slow increase trend. In contrast, the proposed model is less affected by the number of samples, and has better performance under different sample sizes. When the sample size is small, the proposed model has obvious advantages. Although the gap between the two gradually becomes smaller as the number of samples increases, the proposed NRRDF performance is ultimately better than DBN in all four evaluation indicators. This is because unlike DBN, the proposed NRRDF does not rely on big data to estimate the sample distribution unbiased. In addition, the model depth of DBN is usually a fixed structure, and the proposed model depth can be adaptively determined by evaluating the training process layer by layer during the learning process. Therefore, the proposed model has good performance under different sample sizes and has strong robustness.

6.5 The Impact of Irrelevant Features on Model Performance

Since the establishment of the transient feature set relies on expert experience, it may be affected by certain human subjective factors. This section studies the influence of irrelevant features on the model. Irrelevant features are generated by random variables that follow a standard normal distribution. Take 20 as the step size to the original data set, add 20–100 dimensional irrelevant features, and use ten-fold cross-validation to calculate the performance index changes of the model when adding different dimensional irrelevant features. In order to show the performance of the proposed model more intuitively, the corresponding evaluation results of the original deep forest model (denoted as DF) that do not adopt the neighborhood rough reduction method to strengthen and re-characterize the input features are given. The results are shown in Tab. 6. It can be seen from Tab. 6 that the performance of the model proposed in this paper is relatively stable after adding different numbers of irrelevant features, and is basically not affected by irrelevant features. The evaluation effect of DF gradually decreases as the number of irrelevant features increases. This is because in the proposed model, the original input features are enhanced and re-characterized by the neighborhood rough reduction method, and the neighborhood rough reduction can effectively mine the key feature set, and the result will not be affected by the number of irrelevant features. Therefore, despite the addition of high-dimensional irrelevant features, the re-characterized features will not be affected. This shows that the method proposed in this paper has strong robustness, and can still guarantee high evaluation performance when a large number of irrelevant features are added.

6.6 Performance Evaluation Under Different Sample Imbalance Ratios

In the actual power grid operation process, because the transient instability of the power grid is very rare, the transient instability samples in the actual power grid data tend to be relatively small. In order to evaluate the performance of the proposed model under different sample imbalance ratios, this paper first randomly selects transient stable samples equal to the transient instability samples from the total sample, so that the proportion of transient instability samples reaches 50%. Then on this basis, some samples were randomly deleted from the transient instability samples, so that the proportion of transient instability samples in the total samples was reduced to 40%, 30%, 20% and 10%. The performance evaluation of the model is carried out under different imbalance degrees, and the G-means and F-measures indicators obtained from the evaluation of each model are shown in Fig. 7.
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Figure 7: Performance evaluation of the algorithms under transient instability samples (a) GM (b) FM

It can be seen from Fig. 7 that when the number of transiently stable samples and transiently unstable samples are balanced, the classification performance of each model is the best. As the proportion of transient instability samples decreased, the imbalance between the two types of samples gradually increased, and the classification performance of each model began to decline. From the perspective of G-means indicators, the CART, C4.5 and ANN are greatly affected by the decrease in the proportion of transient instability samples, while the model performance of NRRDF, SVM and NB is relatively stable under different sample imbalances. However, the evaluation performance of SVM and NB is poor. In contrast, the proposed model not only has the best performance under the G-means index, but is also relatively stable. From the F-measures index, the performance of various models generally decreases as the proportion of transient instability samples decreases. This is because as the imbalance between samples gradually intensifies, each model gradually biases towards more stable samples in the learning process, and the misclassification rate for transient instability samples tends to be higher. The proposed method adaptively adjusts the weight of transient instability samples according to the degree of imbalance between samples, which can strengthen the emphasis on transient instability samples to a certain extent, and reduce the misclassification of instability samples. Each sample has better classification performance under unbalanced ratio.

6.7 Accuracy Comparison

Fig. 8 compared the accuracy of the proposed and DBN algorithms. As can be seen from Fig. 8, as the number of iterations increases, the accuracy of both algorithms improves. However, the proposed algorithm gives better accuracy about 99.7% as compared with DBN algorithm which makes it suitable for deploying in power systems transient stability analysis.

[image: images]

Figure 8: Accuracy comparison

7  Conclusion

Aiming at the problems of current power system transient stability assessment methods that have limited learning accuracy of shallow models and insufficient attention to transient instability samples, a transient stability assessment method combining rough neighborhood reduction and deep forest is proposed. A comparative experiment analysis of the proposed model is carried out on an IEEE 10-machine 39-node system. Experimental results show that: 1) Compared with the commonly used shallow learning models, the proposed model can effectively improve the classification performance. The introduction of the weighted voting mechanism can effectively improve the model's attention to transient instability samples during the learning process, reduce the misjudgment of transient instability samples, and improve the imbalance of different samples. Both have good performance; 2) Compared with traditional deep learning methods represented by deep belief networks, the proposed method has fewer hyper-parameters. The multi-level sequential structure can not only realize the multi-layer representation learning of the input features, but also can adaptively determine the depth of the model through the layer-by-layer evaluation of the training process during the learning process, so that the proposed model has different scales of data and good performance; 3) Enhancing and re-characterizing the original input features through the neighborhood rough reduction method can not only provide more sufficient information than the original feature space, but also enable the model to maintain high classification performance even when a large number of irrelevant features are added. Therefore, the model robustness is stronger.

In view of some current problems, this paper studies the power system transient stability assessment problem under the deep forest framework. In practice, the loss of transient characteristic data may be caused due to problems such as the loss of measurement devices and communication delay. Therefore, the feasibility analysis of the proposed model under circumstances such as missing data will be perfected in the future.
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Table 3: Performance comparison with different number of trees
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Table 4: Comparison of different methods
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Table 2: Neighborhood reduction values
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Table 5: Comparison of the algorithms with unknown topology configuration

Classification model AC SD GM FM
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