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Emergency voltage control provides a real-time online response to maintain the long-term voltage stability of a power system. Searching for an optimal emergency control solution is a hard combinatorial optimization problem because of the highly dynamic and nonlinear characteristics of power systems with discrete control variables. Additionally, real-time response is required. A new mode-matching–based adaptive voltage control is proposed in this article to achieve a fast response by exploring local voltage profile modes and the technique of similarity ranking. First, some typical emergencies are studied in advance, and their control knowledge is collected for preparation. The set of local voltage profile modes and their corresponding optimal control solutions are stored as knowledge for each emergency. Second, fast online control is realized and the control solution is configured according to a similarity ranking among local voltage profile modes. Furthermore, a learning process is applied to accumulate knowledge in case of unprepared situations. Thus, improved control performances in the future are ensured. This article depends on a new concept of local voltage profile mode with which knowledge preparation, emergency identification, configuration of control, and knowledge accumulation work together to perform an effective response. Simulations of the IEEE 39-bus system verify the outcomes of this voltage control scheme.
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INTRODUCTION
Modern power systems have become more complex with the interconnection of grids and the employment of new devices and techniques. Voltage stability depends on the ability of the combined generation and transmission systems to provide the power requested by loads (Hatziargyriou et al., 2020).
Toward low-carbon and economic operation of power systems, various renewable power generations, such as wind and PVs, have been integrated in a distributed manner (Guo et al., 2019; Li et al., 2020; Magnusson et al., 2020; Zhang et al., 2021). Voltage stability has been greatly challenged by the increasing penetration of distributed generation and intermittent renewable power sources. Researchers have paid close attention to voltage control to mitigate or avoid voltage instabilities (Yorino et al., 2015; Liu et al., 2017).
The common mechanism of long-term voltage instability is the progressive drop of bus voltages and even collapse after emergencies. An emergency control is the last safety enforcement measure to mitigate voltage instability, where control devices typically involve tap changers, switching capacitors, and load shedding. The research scope of this study is an emergency voltage control that concerns the optimization of coordinating various control devices.
Performing real-time optimization is difficult as power systems are extremely complex and dynamic. There are unpredictable uncertainties with operational point variations, structural changes, and even element failures. An adaptation is therefore necessary and adopted with voltage control that an adjustment mechanism is always applied to follow the changes or uncertainties of the controlled system.
Different from model-based adaptive control, data-driven adaptation techniques have attracted much attention (Zhang and Liu, 2008; Bu et al., 2017; Bu et al., 2018; Cai et al., 2020; Huang et al., 2020; Li et al., 2021). When the system models are complicated with exceedingly high order or high nonlinearity, a data-driven control can provide sufficiently good solutions in a reasonable time, based on a large amount of system data without involving the accurate system models. The consensus control of multi-agent systems is proposed to realize model-free adaptive control schemes (Bu et al., 2017; Bu et al., 2018). At the same time, many research efforts on model-free adaptive control techniques have been applied to achieve power system control. Intelligent learning control methods have been adopted to reveal the implicit features of system dynamics and find out the relationship between emergencies and controls (Huang et al., 2020; Li et al., 2021).
Applying data-driven adaptive schemes that are dependent on knowledge gathering, learning, and updating is possible with the development of computing and storing techniques. In terms of voltage control, knowledge may be gathered and accumulated explicitly by expert systems or fuzzy logic systems (Zhang and Liu, 2008) and implicitly by modern heuristic techniques and artificial neural networks. The principal component analysis is used to extract features, and then a map between the control solutions and system dynamics is established by a neural network (Cai et al., 2020).
With the increasing of system scales, there is a conflict between detecting and transferring full system information and a fast response speed. In this article, a new mode-matching–based adaptive voltage control (MMAVC) is proposed such that a fast online response is reached by means of local voltage profile modes (LVPM) and similarity ranking. In contrast to full system voltage profiles (Zhang and Liu, 2008; Cai et al., 2020), the LVPM only concerns local bus voltages for each control device. The aim is to present an algorithm that has reduced computation and is a good candidate for larger systems.
First, a part of the system knowledge is gathered and prepared off-line for typical emergencies with long-term global search. System knowledge is stored as LVPM of a set of emergencies and the corresponding optimal control solutions. LVPM are defined as the emergency mode and the associated controller mode which are used for emergency identification and control action identification, respectively. Second, according to the similarity between a saved emergency mode of LVPM to the current situation, the control action of each control device is reconfigured to form a new control solution and applied online with real-time response. A distance function is defined to measure the similarity between emergencies.
Besides, the stored knowledge is accumulated and updated online with a learning process such that the operational point variations and structural changes can be adaptively followed. For new cases, while no similar mode can be found, an online optimal search is used to obtain knowledge and is saved for future applications. With the process of preparation, configuration, and accumulation of knowledge, an efficient emergency voltage control is realized with a fast and gradually improved response.
As a data-driven–based adaptive control scheme, we have suggested an approach which shares the same control aim of an emergency control, but explores two main differences with present techniques:
1) The detection and perception of a voltage emergency are associated with control devices and their local voltage profiles. The monitored and concerned systems are thus narrowed down to a limited area. At the same time, a distributed control by which only local information is involved can be further developed based on this research.
2) In the previously mentioned data-driven–based works, researchers preferred to map controls and system states with machine learning techniques, thus the acquired knowledge is implicitly stored and hard to be adjusted. The technique of similarity ranking used in this study is an explicit exploration of knowledge that the distance between two faults is evaluated by a comparison between bus voltage profiles. The accumulation, adjustment, and updating of the knowledge base are thus performed in a much clear and easy way that no more training processes are required.
The rest of this article is organized as follows: the optimal coordinated voltage control (OCVC) is described in the Optimal Coordinated Voltage Control section. The section Mode-Matching Adaptive Voltage Control gives details of our MMAVC. A case study of the IEEE 39-bus power system tested is reported in the Simulation Results section. The conclusion is drawn in the Conclusion section.
OPTIMAL COORDINATED VOLTAGE CONTROL
Voltage stability refers to the ability of a power system to keep the voltage profiles of all buses within acceptable ranges after an emergency (Hatziargyriou et al., 2020). Thus, a set of optimal arrangements of voltage control devices with sequencing, timing, and tuning values for maintaining system voltage stability need to be provided by a coordinated voltage control scheme.
System Models and Simulation
A power system is an interconnected complex network. For voltage stability, the power system models can be expressed in the following hybrid differential–algebraic (DA) form (Hatziargyriou et al., 2020):
[image: image]
where [image: image] is the vector of dynamic state variables, and [image: image] is the vector of algebraic state variables that can change instantaneously because of the changes in [image: image] or [image: image]. [image: image] is a vector of discrete control variables that changes only at a fixed instant provided by a selected sample time.
In terms of voltage control, the discrete control variables are used to represent control devices, such as tap changers, switching capacitors, and load shedding, which can be adjusted at discrete times. The optimal program is used to achieve the appropriate scheduling and subsequent operation of these discrete control devices. As a result, the system output represented by [image: image] can be optimized.
Time-domain simulation is the main method to study the effectiveness of voltage controls, including dynamics. For long-term voltage instability, the quasi-steady-state (QSS) approximation is sufficient to capture the essential behavior of the system by neglecting the derivative terms in the generator mechanical and flux equations (Van Cutsem et al., 2006). In this article, the QSS simulation is performed to capture the dynamic process after an emergency, and the aggregate exponential recovery load model proposed by Hill (1993) is employed.
Model Predictive Control–Based Optimal Coordinated Voltage Control
Power systems are dynamic in the sense that the operational points and even the structure of the system may vary from time to time. An optimal control at one time instant might not be optimal at another time instant and is thus insufficient to follow the dynamic changes. In order to tackle these kinds of issues, model predictive control (MPC) (Larsson et al., 2002) is proposed, which is an advanced control scheme that has been widely applied in the process control of complex industrial systems.
The possible output is predicted after selecting the input from candidate control solutions depending on the current model and states of the dynamic system. After comparing the predicted outputs of a set of candidate control solutions, the optimal solution that meets the objectives is applied to the system for the incoming control interval. Then, the predictive control window is moved to the next control interval, and all the system models and states are reevaluated (Figure 1).
[image: Figure 1]FIGURE 1 | MPC-based coordinated voltage control.
For the study of voltage stability, the control target of the MPC is to keep the bus voltages at an expected level. The objective function can be defined as:
[image: image]
where [image: image] denotes the predicted voltage and [image: image] denotes the reference voltage at bus [image: image]. The voltages of the buses before an emergency are always considered as the reference values.
We consider a step at time k after an emergency event. With the objective of Eq. 2, the calculation steps of the MPC-based optimal coordinated voltage control are as follows:
Step a. Gathering input signals: the system information at time k is obtained as the input signal, including system parameters, operational values, and control device states.
Step b. Searching for optimal solution: the candidate control solutions, each of which contains a set of movements of a group of control devices, are generated. The predicted output of each candidate solution is simulated according to the system status, models, and input parameters with QSS approximate technique. Then, the control performance of the candidate control solutions is compared with their objective values [image: image], where [image: image] is the predicted output in the predicted horizon.
Step c. Applying control: the solution with the smallest value of [image: image] in Step b is the optimal one. Its control step of the first predicted control interval is then applied.
Step d. Waiting for the new incoming control interval and repeat from Step a.An emergency voltage control should meet all the search constraints and provide fast and effective controls within one control interval. A new adaptive control is proposed in this study, which continuously improves its control performance by accumulating the system knowledge from both off-line preparation and online learning.
MODE-MATCHING ADAPTIVE VOLTAGE CONTROL
As knowledge plays a key role in the data-driven adaptive voltage control, a new way of defining system knowledge in terms of modes is proposed. An adjustment mechanism works in adaptive control to provide adaptations that meet the uncertainties of a system. Thus, the technique of LVPM and the adjustment mechanism, which is realized by a learning scheme, are applied for real-time control and knowledge accumulation.
There are four basic functional parts of an MMAVC (Figure 2):
1) Knowledge preparation (off-line): a preparation for online control is applied to obtain a part of the knowledge. Some typical emergencies are triggered in the power system. An optimal control solution is searched and saved with its identification, i.e., a set of local voltage profile mode.
2) Mode matching (online): when voltage instability is detected in the power system, the LVPM are compared with the saved modes in the knowledge base. All the LVPM in the database are sequenced and ranked according to their closeness to the current mode.
3) Real-time control (online): a control solution is configured by combining the control actions from the controls of high-ranking modes. This step can be quickly realized and thus provides an instantaneous control to the system.
4) Learning for knowledge accumulation (online): a learning scheme is applied by an online optimal search to provide the adaptation to new situations and system dynamics. It is a global search guided by controls of high-ranking saved modes. After this learning search, the obtained optimal control is saved with its LVPM. Thus, the stored knowledge is updated and is gradually accumulated.
[image: Figure 2]FIGURE 2 | Functional structure of MMAVC.
The details are presented in the following subsections for each of the four functional parts and the definition of LVPM.
Knowledge Preparation
An off-line long-term search is applied to search for optimal solutions for MPC-based coordinated voltage control. Modern heuristic algorithms have been proved to be easily applied for combinatorial optimization problems. We use the genetic algorithms (GA) for advantages of visiting wide areas in the solution space.
Long-term voltage instability is always triggered by outage of transmission and/or generation equipment after fault clearing when the load dynamics attempts to restore power consumption beyond the maximum power transfer limit (Hatziargyriou et al., 2020). Thus, an abnormal increase of loads and failure of generators or transmission lines are collectively regarded as typical emergencies. The control knowledge of these types of emergencies is optimally searched and stored as the basic preparation for online control.
Each of the typical emergencies is triggered in a studied power system (Figure 3). The system models, states, and parameters after an emergency are the inputs for the optimizer. A global long-term search by GA is applied. The optimal solution searched is saved with its LVPM after the emergency. A trade-off happens between online performance and off-line calculation burdens. More off-line preparations are preferred to obtain good start-up control performance.
[image: Figure 3]FIGURE 3 | Knowledge preparation.
Standard GA is a well-developed technique. An integer encoding where all the control devices are involved is used for GA optimal search (Table 1). If there are r, s, and t on-load tap changers (OLTCs), capacitors, and load shedding, respectively, their movement steps of control are stored in integer numbers to form a chromosome. For OLTCs, the values of STEPLTCi can be –1, 0, and 1. The movement steps for capacitors and load shedding can be an integer from −Smax to Smax, where Smax is the maximum possible movement steps of a control device.
TABLE 1 | Encoding of a control solution.
[image: Table 1]After a search, the details concerning an emergency, specifically the LVPM and an optimal control solution, are obtained and can be formatted as off-line knowledge.
Local Voltage Profile Mode
With increasing system scales, it is time-consuming and even impossible to monitor and gather excessive system information. An emergency representation by which only the local voltage deviations to each control device are involved is studied to alleviate these issues.
The LVPM are defined by the voltage deviation of the neighborhood of control devices. A neighborhood includes buses that are geographically closed to the device. Without losing generality, a neighborhood is defined by buses that are directly connected to a control device in this study.
As in Table 2, a transformer is connected between two buses while the neighborhood has all the connected buses for capacitors and loads as they are located on one bus. The number of buses connected to the capacitors and loads is from k = 2 to k = 6 in most practical cases.
TABLE 2 | Emergency mode.
[image: Table 2]The value of voltage deviation is calculated by subtracting the bus voltage from its reference value.
[image: image]
where [image: image] is the voltage of bus i after an emergency happens, and [image: image] is the reference voltage and always equal to the bus voltage right before the emergency occurs.
The neighborhood can be extended to include more buses that cover a wide area of a power system. A trade-off happens between the covered area of a neighborhood and calculation complexities. More system voltage information can be involved by extending the neighborhood. However, the complexity of the storing structure, saving and extracting schemes, and online exploring strategies increases accordingly.
The LVPM surrounding a control device are referred to as the controller mode, which presents a shape of voltage changes among a set of connected buses of the device. Each column of Table 2 is a controller mode. Figure 4 shows four buses that are directly connected to bus i, where capacitor i is located. Before the emergency, the bus voltages are the references for mode calculation. Vci,ref and Vi1,ref to Vi4,ref are all the reference values of bus i and buses i1 to i4, respectively. Once an emergency occurs, a voltage deviation occurs and the differences between the current values to the reference values are marked in red dashed lines. These five deviation values are stored in the knowledge base as the controller mode of capacitor i.
[image: Figure 4]FIGURE 4 | Illustration of the controller mode.
A set of controller modes form an emergency mode and map to a voltage instability emergency. The emergency mode contains a set of controller modes of all control devices in a power system. It will be used to match and rank close emergencies, configure an online control solution, and provide guidance to the online learning process.
For each emergency studied off-line, the LVPM, i.e., emergency mode i, together with the optimal control solution acquired via search, control i, are the knowledge stored for online applications.
Mode Matching and Ranking
Mode matching compares two emergency modes and discovers similar controller mode pieces. A sequence of emergency modes and control solutions is thus ranked according to their similarities to the current situation.
Immediately after an emergency is detected and the bus voltages deviate from their original values, the LVPM can be obtained and compared with the stored knowledge. Mode matching aims to obtain the similarities between two situations and discover a sequence of emergency modes according to their distance from the current situation.
Considering the limited experiences saved in the knowledge base and the huge number of possible voltage profiles after emergencies, two emergency modes that are the same may not always exist. A voltage control should be active enough to ensure system stability while avoiding excessive action. A normalization is applied where the real number values of voltage deviation are transformed into integer values. A tolerance threshold is also suggested to ignore small turbulence and avoid excessive activation.
The setup of tolerance threshold and normalization can be chosen according to the control preferences of operators, or by referring to the learning outcomes of voltage instability criteria. If the voltage deviation is within the tolerance threshold, no matter whether it is higher or lower than its original value, the normalized value of voltage deviation is 0. If the deviation of a bus voltage is greater than the threshold, then it is normalized into integral values in [−Vint, Vint].
The values of Vint show a set of voltage ranges that reflect the confidence of knowledge preparation. At the initial stage when MMAVC is applied online, a normalization scheme with smaller ranges, e.g., Vint = 2 or Vint = 3, can be adopted because insufficient knowledge is available and the opportunity of using these saved experiences should not be missed. A simple normalization may set Vint = 1 (Table 3). After online running, further knowledge can be acquired. The normalization ranges should be expanded with a larger value of Vint by which a more accurate comparison can be reached.
TABLE 3 | Normalization of emergency mode.
[image: Table 3]We assume that there are n saved emergency modes, h control devices in the system, and kj buses connected to the control device j, j = 1, …, h. When an emergency occurs online, the emergency mode is normalized as:
[image: image]
where the emergency mode and controller mode are represented by a capital letter, [image: image], and lowercase letter, [image: image], respectively. [image: image] is the normalized controller mode of the control device j. [image: image] is the normalized value of voltage deviation on the l-th bus connected to the control device j.
The set of saved emergency modes is normalized as:
[image: image]
where [image: image] indicates the controller mode of the control device j. [image: image] is the normalized value of voltage deviation on the l-th connected bus of the control device j.
A comparison between the current situation, [image: image], and one of the saved emergency modes, [image: image], is defined by an index vector:
[image: image]
where [image: image] is the similarity measurement between the [image: image]-th controller modes of [image: image] and [image: image],
[image: image]
It is a summary of voltage deviations for all connected buses, [image: image], of the control device [image: image].
If [image: image] has one of the controller mode [image: image], the local voltage profile of the control device j is similar to the current situation. With a similarity measurement, the distance between the saved emergencies and the current situation can be evaluated and ranked as:
[image: image]
The one with the least value of [image: image] indicates the most similar saved emergency mode to the current situation because this saved emergency mode shares more similar control modes with the current situation. Thus, a ranking of 1 to [image: image] is obtained for all the saved emergency modes according to their values of [image: image], where the emergency mode with the smallest value of [image: image] has [image: image]. If two saved emergencies share the same value of [image: image], the geographically closer emergency to the current situation is chosen with a lower value of ranking.
After mode matching and ranking, the stored knowledge is sequenced according to their similarity to the current situation, and the same pieces of controller mode are identified in each saved emergency mode.
Real-Time Online Control
According to the ranks and the identified similar controller modes, an online control solution can be configured by combining the control pieces of the saved control solutions. It begins from the saved emergency mode which has [image: image]. All the controller modes with [image: image] are identified from the saved emergency mode. The control actions of these identified places in the control solution are adopted by the new control solution, whereas the remaining parts of the control solution are left unresolved.
If the control solution is not fully developed, then the next emergency mode and its control solution are considered. The control pieces are only used to fill in the blank places for the unresolved parts. As an example (Table 4), a total of five saved emergency modes are ranked according to their values [image: image]. For emergency mode M1 which is ranked as Rank = 1, a total of four similar controller modes are shared with the current emergency mode, which is highlighted in blue. The corresponding control actions of the saved solution are then adopted by the new control solution, i.e., C1, C2, C5, and C6.
TABLE 4 | Combining of control solution.
[image: Table 4]Due to the incompleteness of the emergency mode M1, the saved emergency mode M2 is then considered. Three controller modes, i.e., C6, C7, and C8, are identified similarly to the current situation. Only C7 and C8 of M2 are used because C6 is already occupied by the control piece from M1. Next, the control action of C4 and C10 are adopted by the new control solution. None of the control actions of M4 participate in this new control solution because C1 and C10 of the new control solution have already been fulfilled. Finally, if full control cannot be reached, e.g., in this case, the place of C9 does not obtain values from any of the ranked emergency modes, then the control action of this place is left blank with its original value.
The following steps constitute the process of configuring a control solution:
Step 1. Setting initial parameters: Nrank = 1 and a blank control solution, [image: image], are set with h positions, where h is the number of control devices of the power system.
Step 2. Obtaining knowledge: the set of LVPM and their control solutions are obtained from the knowledge base.
Step 3. Ranking emergency modes: the comparison index, [image: image], and the ranking value, [image: image], of each saved emergency mode are calculated. [image: image] is the number of saved emergencies. Rankings of the saved emergencies are calculated according to the value of [image: image].
Step 4. Identifying similar control modes: the similar control mode, which has [image: image], is identified for each of the saved emergency modes.
Step 5. Obtaining control action: the emergency mode with ranking = Nrank, and its control solution is selected. The control actions of the identified similar controller modes are adopted and saved into the corresponding places of [image: image] if the place is empty.
Step 6. Moving to next emergency mode: Nrank = Nrank + 1.
Step 7. Checking stopping criteria: if there are places in [image: image] which are empty and Nrank ≤ h, then back to Step 5; otherwise, Step 8 is performed.
Step 8. Obtaining full solution: if [image: image] is fully developed, Step 9is performed; otherwise, the empty places of [image: image] are checked and set to their original values.
Step 9. Applying control solution: the newly obtained control solution [image: image] is applied to the system. End.
Learning-Based Adaptation
To meet the dynamics of power systems, the stored knowledge should be accumulated and updated online. A learning scheme is adopted to provide the adaptation. After the control system is applied to provide online services, the learning process is triggered to acquire new knowledge and adjust knowledge from past experiences. Learning is applied when no identical emergency mode is found in the knowledge base. It allows more feasible solutions to be visited in an expanded area of solution space.
When an emergency happens, the LVPM, i.e., the ongoing emergency mode, are initially compared with emergency modes saved in the knowledge base. If no matching emergency mode, i.e., [image: image], is found, then the learning process begins.
The learning search is realized by the population-based modern heuristic optimization algorithms. The standard GA is utilized for knowledge preparation. Unlike random offline long-term search, the learning search depends on past experiences and attempts to obtain an improved knowledge base.
For GA optimal search, half of the population of the initial generation is obtained from the control solutions stored in the knowledge base. The percentage of the acquired knowledge usage is flexible and can be adjusted according to the confidence of knowledge. When more emergencies are studied and saved in the database, the use of acquired experiences increases accordingly.
The selection and employment of saved emergency modes are based on their ranks. The roulette wheel selection is used to pick up individuals of the initial population. More initial individuals are generated by the control solutions of the emergency mode with lower values of [image: image]. The remaining half of the initial population is randomly generated in the full solution space to avoid prematurity and maintain the possibility of exploring new solution areas.
Based on this initial generation, an optimal search by standard GA is applied. After one run of optimal search, the obtained optimal solution is saved into the knowledge based on the form of LVPM and an optimal control solution. As the learning search is only adopted for knowledge accumulation and runs a background operation, it can be a long-term search to reach a preferred result.
Generally, the novelty of the MMAVC lies in the improved searching, storage, and online exploring efficiency. First, the monitored area of the LVPM is narrowed down to controller buses and their neighboring buses for online real-time control. Second, each snapshot of an emergency is contributed to the knowledge base in terms of the LVPM that the mode matching and ranking can be applied directly to and does not require any further training processes.
SIMULATION RESULTS
The proposed MMAVC is demonstrated via an emergency voltage control in the New England 39-bus power system (Figure 5) (Ma et al., 2008). A total of 12 OLTCs and 19 load shedding are used. There are 17 capacitors arranged for each bus with load shedding except two generator buses. The OLTCs can be adjusted every 30 s and can move one step from the original position.
[image: Figure 5]FIGURE 5 | The IEEE 39-bus power system.
In practice, OLTCs and switching capacitors can be controlled such that the interval between two consecutive actions must be longer than the execution time. Load shedding is activated only when the required constraint cannot be satisfied by using any combination of the regular control devices.
The off-line knowledge preparation of an emergency is presented in the Knowledge Preparation section. The online real-time control of an unprepared emergency is described in the Online Control With Mode Matching section. For unprepared situations, online learning is activated, and the process of knowledge learning is demonstrated in the Learning for Knowledge Accumulation and Updating section.
Knowledge Preparation
For knowledge preparation, typical emergencies of abnormal increase of loads or failure of connected devices are considered. A total of four kinds of emergencies are gathered: 1) tripping of a generator; 2) tripping of a transmission line; 3) variation of a load; and 4) simultaneous variations of all loads.
A total of 9 generators, 46 transmission lines, and 19 loads comprise this system. The emergency of variation of one load is represented by a scaling parameter of 0.5 and 1.5 to simulate either decreasing or increasing loads, respectively. The simultaneous variations of all loads are set by multiplying the parameters of the loads ranging from 0.6 to 1.1 in a step size of 0.1. Tripping of Generator 31 is excluded because bus 31 is the swing bus for QSS simulation. The transmission lines with OLTCs are not involved because they are control devices waiting to be optimized. As a result, a total of 86 emergencies can be readily studied with an off-line long-term search.
Following the calculation steps in Figure 3, each emergency is activated in the IEEE 39-bus system. After 30 s of operation, one emergency is triggered. A detection time of 30 s is applied; an emergency control is started from 60 s. All the control devices are arranged with the same active time of 30 s. Thus, the possible activation times of the control devices are 60, 90, 120 s, and so on.
One emergency of tripping a generator is presented for demonstration in Figure 6. After the emergency of Tripping Generator 38 happens at 30 s, a blackout occurred for about 90 s.
[image: Figure 6]FIGURE 6 | Emergency control: Tripping Generator 38.
The emergency mode is normalized into integers in the range of [−2, 2], whereas the threshold is set as 0.01 p.u. Each emergency mode is presented as a color map. Dark blue, blue, green, yellow and red corespond to integer values of −2 to 2, respectively. The horizontal axes indicate the number of control devices, including OLTCs and capacitors. For a proof of concept presentation, the controller modes of load shedding are not listed as they are not triggered in this case.
An emergency mode is a snapshot of the voltage deviation profile of an emergency. With the increasing system scales, the involved control devices are sparse and not evenly distributed in the system. In most cases, load shedding is not involved in optimal searched control solutions. Instead of full system models and operation states, the captured emergency mode is in a reduced representation by which a limited area of the system is considered.
A long-term search by GA is applied for 10 times of running with a population size of 200 and the maximum generation of 200. For each emergency, the searching time is approximately 160 min by using MATLAB and an Intel 3.4-GHz processor for simulation. The control performances are as presented in Figure 6. Both the searched control solution and its LVPM are saved in a long-term knowledge base.
Online Control With Mode Matching
After an off-line knowledge preparation, the MMAVC is applied online for emergency voltage control. When a prepared situation happens, a saved emergency mode is then identified and its corresponding control is adopted and applied to the system with no delay. If it is not a prepared emergency, mode matching, ranking, and configuration of control need to be applied.
An emergency of simultaneously tripping two elements is used to demonstrate an unexpected situation. The testing scenario of an unexpected emergency is Tripping Generator 36 and Tripping Line 2, 3 together at 30 s. Voltage deviations are triggered, and a collapse occurs at approximately 700 s (Figure 7). The emergency mode after normalization is shown in a colormap.
[image: Figure 7]FIGURE 7 | Emergency control: Tripping Generator 36 and Tripping Lines 2, 3.
The processes of mode matching and ranking are applied according to the predicted system output. For the first control interval, three saved emergency modes contribute to constructing the new emergency mode. These emergencies are Tripping of Lines 2, 3, Tripping of Lines 19–16, and Tripping of Lines 22–21, respectively, which share 16, 16, and 9 same controller modes and have ranks of 1, 2, and 10 among all control devices. In this case, the emergency modes which are ranked from 3 to 9 are not adopted because the same controller modes are covered by the top two ranked emergency modes. Accordingly, a set of control pieces are identified and form a new control solution.
In this example, the control solution is simply composed of three saved controller modes. For voltage instability, an emergency is always triggered by a lack or imbalance of reactive power. To adjust the reactive power, a voltage control shows a localized characteristic. For knowledge preparation, possible emergencies within a wide area of the system had been studied. Thus, a geographically close emergency can always be obtained.
After 30 s of detection, the emergency controls are generated and applied at the time instants 60 and 90 s. The knowledge-based control requires two control intervals for voltage recovery. It has a faster system response within only 1 s.
Learning for Knowledge Accumulation and Updating
After an unexpected emergency is detected, a learning process is triggered simultaneously. The initial population for a learning search is partly generated from saved knowledge. A population of 100 and a maximum generation of 100 are used in this case. It takes 4 min for each run of search.
The testing scenario of learning control is designed in a way that an unexpected emergency of Tripping Generator 36 and Lines 2, 3 simultaneously happens twice at the time instants 30 and 1,230 s, respectively (Figure 8). The emergency at the time instant 30 s is cleared at 570 s.
[image: Figure 8]FIGURE 8 | System performance after learning control.
When the first emergency happens, i.e., Fault 1, the control solution is configured through mode matching and ranking within saved knowledge. It takes two intervals of control, Control 11, and Control 12, to recover system voltages. A learning process is completed before the second emergency happens, i.e., Fault 2. When the same emergency happens again at the 1,230 s, the control performance is improved that only one control interval is performed. The bus voltages are recovered in the first control interval by Control 21.
After an emergency happens the LVPM and newly searched control solution is saved directly to improve the knowledge base. There are no more training efforts needed. In this example case, a piece of knowledge can be explored and applied shortly after its first occurrence. This feature of MMAVC achieves the advantage of accumulating knowledge quickly.
CONCLUSION
A novel adaptive voltage control scheme for the power system, namely mode-matching–based adaptive voltage control (MMAVC) is proposed in this article. Emergencies are identified in terms of their local voltage profile, named as emergency mode and controller mode. First, some possible emergencies are studied off-line with long-term global search. Their emergency modes and optimal control solutions are stored for knowledge preparation. Second, an online control solution is formed by mode matching, ranking, and similarity measurement that provides fast control with good system performance. Furthermore, a learning search is used for knowledge accumulation and updating. The experiments show that the control performance can be gradually improved, which is demonstrated in the response to the control.
This MMAVC has the following features and may inspire future research:
1) The knowledge used in this study involves LVPM which only concerns local voltage profiles surrounding control devices and the searched optimal control solution. The stored knowledge base can be easily updated with newly tested cases, and no further training is required.
2) A novel mode-matching scheme was developed for instant control. It provides adaptations meeting structural changes and operating point variations.
3) An off-line long-term search scheme was used for control knowledge preparation, while an online control performance is improved gradually with the learning scheme.
4) An interesting direction of this study for the future may lie in the sensitivity of the covered area of LVPM, the seriousness of uncertainties, and even the arrangement and distribution of control devices. Starting from this point, it also warrants further study for a distributed voltage control scheme.
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