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Abstract: With the increasing penetration of renewable energy in power system, renewable energy power ramp events (REPREs), dominated by wind power and photovoltaic power, pose significant threats to the secure and stable operation of power systems. This paper presents an early warning method for REPREs based on long short-term memory (LSTM) network and fuzzy logic. First, the warning levels of REPREs are defined by assessing the control costs of various power control measures. Then, the next 4-h power support capability of external grid is estimated by a tie line power prediction model, which is constructed based on the LSTM network. Finally, considering the risk attitudes of dispatchers, fuzzy rules are employed to address the boundary value attribution of the early warning interval, improving the rationality of power ramp event early warning. Simulation results demonstrate that the proposed method can generate reasonable early warning levels for REPREs, guiding decision-making for control strategy.
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Nomenclature



	REPRE
	Renewable energy power ramp event



	PV
	Photovoltaic



	LSTM
	Long short-term memory



	ESS
	Energy storage system



	EMS
	Energy management strategy



	AGC
	Automatic generation control



	PFC
	Primary frequency control



	SFC
	Secondary frequency control



	SOC
	The state of charge



	x^
	The values after normalization



	P
	The maximum adjustable capacity of power control measures



	Pnet
	The net load of the power grid



	E
	The index of prediction accuracy



	Subscripts




	Sr
	Spinning reserve



	SNr
	Non-spinning reserve



	TGD
	The thermal generation dispatch



	R²
	Coefficient of determination



	RMSE
	Root mean square error



	MAE
	Mean absolute error



	Greek Symbols




	β
	The sensitivity of tie lines to the change of renewable energy generation



	ΔP
	The maximum adjustable power capacity of thermal units or tie lines





1  Introduction

In recent years, with the transformation of the energy structure and the rapid development of renewable generation, renewable energy power ramp events (REPREs) have become a significant challenge in the power system [1]. Renewable energy exhibits volatility and intermittency, leading to drastic changes in output power within short periods under extreme weather conditions, the change process referred to as a power ramp event. Especially in down-ramp events, the rapid loss of active power support in power system significantly undermines the power balance and stability of the grid [2,3]. Improper handling of power ramp events can easily result in accidents and severe chain reactions, posing a serious threat to the secure and stable operation of the power system [4]. Therefore, early warning for REPRE is crucial for maintaining the active power balance of the power system.

Early warning is a system or process that provides information before the occurrence of disasters. The effectiveness of an early warning system depends on the accuracy of predictions and the reasonableness of warning indicators [5]. Early warning methodologies are primarily divided into statistical methods and physical analysis methods. Statistical methods depend on historical data and probabilistic models to forecast future events. In contrast, physical methods mainly rely on monitoring and analyzing the physical parameters of the system to predict potential hazardous situations, utilizing the inherent characteristics and potential principles of the system. Given that REPREs are low-probability events, there is often insufficient data to support statistical methods, making physical analysis methods more suitable for warning of power ramp events [6]. To establish a database for accurate power time series data, an on-time single-phase power smart meter is proposed in [7] for collecting generation/load profiles in PV household-prosumer facilities. However, this household meter is not suitable for large-scale renewable energy power generation monitoring. Currently, energy management systems remain the optimal choice for acquiring power data from power grid nodes.

Early warning indicators are a crucial component of early warning system. Currently, power ramp event detection relies primarily on calculating characteristic values such as ramp amplitude and ramp rate, comparing them with preset thresholds, and then determining whether changes in renewable generation over a period of time constitute a power ramp event [8–10]. However, these preset thresholds are only applicable to specific generation station and operating condition. Different power systems or different operational states of the same power system have varying tolerances for renewable power fluctuations. Therefore, a uniform standard for identifying power ramp events is infeasible. In addition to analyzing the power ramp process, it is essential to consider the operating conditions and power fluctuation tolerance of power system when generating early warning results. Power imbalance caused by power ramp events in the power system can generally be attributed to two primary reasons: (1) the rate of power change surpasses the regulation speed of power system; (2) the amplitude of power change exceeds the reserve capacity of power system [11,12]. The former is usually more critical, necessitating an analysis of both the regulation capacity and regulation speed of power system. In [13], power ramp events are identified from the perspective of ramp rate, considering various power control measures, but no system operational risk indicators are provided. In [14,15], a predetermined severity function is employed to classify risk levels. In [16], the amount of load to be removed to ensure system safety is used as a risk classification metric. However, these methods fail to deeply analyze the operating status of power control measures and cannot effectively guide the subsequent prevention and control decisions. In [10], the warning boundaries are divided based on the interval analysis by calculating the power regulation capacity of different thermal power units, providing an early warning system for wind power ramp process. However, this method only calculates the power control capability of thermal power units and cannot fully reflect the power control capability of the power system. The energy storage system (ESS) has the characteristic of fast response, which can improve the flexibility and controllability of the power grid [17]. Furthermore, the grid-PV-ESS integrated system can enhance the resilience of the power supply system for residential electricity users [18]. During power ramp process, power control methods incorporating ESS can better maintain the balance between generation and load [19], while also reducing operational costs [20]. Additionally, different regional power grids are interconnected via tie lines [21], ensuring the stable operation of the entire power grid through power complementarity [22]. Therefore, it is necessary to consider the power regulation ability of the internal and external power grid, analyze the ability to withstand the power ramp process of power system, and develop appropriate early warning indicators.

To address the above problems, this paper proposes an early warning method for REPREs based on long short-term memory (LSTM) network and fuzzy rules. First, the energy management strategy (EMS) emphasizes the need for power system to reduce energy production costs while ensuring continuous load supply [23]. Similarly, low-cost control scheme should be prioritized when solving REPREs. A REPRE warning level ranking strategy based on control cost is proposed to determine the dispatch order of power control measures. Second, the LSTM network demonstrates superior performance in processing power time series data [24–26]. A power prediction model for tie lines is established based on the LSTM network, determining the power support capacity of the external grid. Finally, the concept of net load is introduced to represent the power deficit of power grid, and an early warning system is established based on fuzzy rules [27,28]. The classification boundaries are processed using fuzzy logic to reflect the risk attitudes of dispatchers and to mitigate the impact of power prediction errors.

The contributions of this paper are threefold. (1) Proposing an early warning level ranking strategy for REPREs based on control costs, which effectively guides warning calculation and preventive control decision-making. The proposed ranking strategy considers the power support capabilities of ESS and external grids, rather than being limited to thermal power generation. (2) Developing a power prediction model for tie lines using the LSTM network, which enhances the accuracy of assessing the power support capacity of external grids. On this basis, the tolerance to REPREs of power system can be dynamically evaluated, allowing for the identification of power ramp events rather than relying on fixed thresholds. (3) Proposing an early warning method for REPREs based on fuzzy rules, which effectively addresses the issue of warning boundary value attribution. This method allows dispatchers to adjust the warning strategy according to their risk attitudes, reduces the impact of prediction errors, and develops effective prevention and control strategy.

The remainder of this paper is organized as follows. The early warning level ranking strategy is introduced in Section 2. The prediction model for tie lines based on LSTM network is constructed in Section 3. The early warning method and solution procedure of REPREs are shown in Section 4. Case study is presented in Section 5. Finally, Section 6 draws conclusions.

2  Early Warning Level Ranking Strategy

The system ability to cope with the volatility of renewable energy generation becomes a critical issue in power system operation [29]. Under the influence of extreme weather, the power output of renewable energy power plants decreases rapidly, disrupting the active power balance of power grid. To address this issue, appropriate regulatory strategies need to be developed. The operating costs associated with different power control measures are distinct. Low-cost control measures should be prioritized while ensuring the secure and stable operation of the power system. However, when the active power deficit in the grid is significant, higher-cost control measures must be employed [30]. Therefore, the higher the control costs of the control measures adopted to ensure the safe operation of power system, the greater the active power deficit in the power gird, and the higher the corresponding risk level.

From the perspective of regional grid, power control measures are categorized into intra-area and inter-area control measures. In this paper, intra-area control measures include conventional thermal generation, independent energy storage system, and load management; only the power dispatch of tie lines is considered the inter-area control measure. Conventional thermal generation control measures can be divided into automatic generation control (AGC) and thermal generation dispatch [31]. The power output of thermal power units can be adjusted by AGC without requiring manual adjustments to the power dispatch plan of grid, resulting in the lowest control costs. In contrast, the thermal generation dispatch requires operators to adjust scheduling plans, potentially involving unit start-up issues, meaning higher control costs. Due to its quick response capability and independence from coal consumption [32], the independent energy storage system has significant advantages in dealing with power ramp events compared to the thermal generation dispatch. Therefore, the ESS should be given scheduling priority.

In general, the power transmission plan between regional power grids is not affected by active power adjustments within a regional grid. However, tie line power adjustments alter the power transmission plan, incurring additional control costs [33]. Therefore, compared to intra-regional dispatch control measures, the control costs of tie line power dispatch are higher. In contrast to the aforementioned preventive control measures, load management may affect the normal power supply to users. When other control measures fail to maintain the active power balance of the power grid, load shedding is implemented according to contingency plans to prevent frequency instability [34], resulting in significant economic losses [35]. Therefore, load shedding is the most costly power control measure.

Based on the above analysis, the warning levels are divided into five levels in ascending order of risk, as shown in Fig. 1. Level 0 corresponds to AGC and indicates that the power system is in a secure operating condition. Levels I to III indicate that the power system is insecure and appropriate preventive control measures need to be taken. Level IV indicates that the power system is in an extremely dangerous state with frequency instability and that emergency control measures are needed. The warning levels reflect the secure status of power system during changes in renewable energy output. In addition to guiding the formulation of preventive control strategies, the warning results presented in this paper also warn of potential power outages due to power ramp events.
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Figure 1: Schematic diagram of early warning grading

3  LSTM-Based Power Prediction for Tie Line

For regional grids, the operating status of local power control measures can be directly obtained, allowing for the analysis of adjustable power over the next four hours. However, the adjustable power of tie lines is subject to dynamic changes, constrained by the operating status and spare capacity of the external grid [36]. Therefore, calculating the adjustable power for the next four hours based on the current transmission power is infeasible. To address this issue, this section establishes a power prediction model for tie lines using an LSTM network. The power flow of tie lines over the next four hours during regular operation is predicted by the prediction model. Then, the adjustable power of tie lines for the next four hours can be calculated based on the total transfer capability and power regulation speed of tie lines.

3.1 Tie Line Selection

When power within the regional grid changes, only a portion of tie lines power experience significant variations. To simplify the calculation process, the tie lines with sensitivities exceeding a predetermined threshold are selected out by calculating the sensitivity of each tie line to the power changes within the regional grid. The tie lines with high sensitivity are then used as prediction targets. The formula to calculate the sensitivity of the i-th tie line is as follows:

β(i)=|Pline(i)−Pline_0(i)|Pline_abs×100%(1)

where Pline_0 and Pline denote the transmission power of the i-th tie line before and after the power adjustment within the grid, respectively; and Pline_abs denotes the sum of the absolute values of the transmission power changes of all tie lines.

Based on the current calculation results, the sensitivity of each tie line is obtained. A suitable threshold is set to screen out the effective tie lines.

3.2 Power Prediction Model for Tie Line

During normal grid operation, data for tie line power, load power, and the output of various power generation stations is typically updated every 15 min. Over time, this generates a series of continuous data with complex intrinsic relationships in the time dimension. To accurately predict the power of the tie lines based on known power time series data, it is essential to fully explore the inherent correlations between these time series data. The LSTM network is particularly effective in capturing the inherent correlations in time series data, offering significant advantages in forecasting such data.

3.2.1 LSTM Network

The LSTM network is a specialized type of recurrent neural network that incorporates memory units capable of retaining useful input data information over extended periods. The primary components of the LSTM network include the forget gate, input gate, output gate, and cell state. The detailed structure of the LSTM unit is illustrated in Fig. 2, and the equations for each variable are as follows:
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Figure 2: Structure of LSTM unit

ft=σ(Wf⋅[ht−1, xt]+bf)(2)

it=σ(Wi⋅[ht−1, xt]+bi)(3)

C∼t=tanh⁡(Wc⋅[ht−1, xt]+bc)(4)

ot=σ(Wo⋅[ht−1, xt]+bo)(5)

Ct=ft⊗Ct−1+it⊗C∼t(6)

ht=ot⊗tanh⁡(Ct)(7)

From the above equations, ft denotes the output of the forget gate; it and C∼t denote the variables in the input gate; ot denotes the output of the output gate; ht−1 and ht denote the outputs at moments t−1 and t; ht−1 and xt comprise the inputs at moment t; Ct−1 and Ct denote the variables of the memory cells at moments t−1 and t; Wf, Wi, Wc, Wo are the weight matrices of the input variables of the corresponding gates; bf, bi, bc, bo are the bias entries in the corresponding gates; σ denotes the sigmoid function.

3.2.2 Procedure of Power Prediction

The accuracy of the prediction model tends to decrease as the prediction timescale increases. To mitigate this issue, an optimized method for prediction results is proposed. As shown in Fig. 3, four distinct prediction models are constructed with different prediction scales ranging from 15 min to 4 h, using data intervals of 15 min. The optimal prediction results from each model are then integrated to derive the final 4-h tie line power prediction, significantly enhancing the accuracy of the 4-h prediction model.
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Figure 3: Schematic diagram of the model optimization process

The first step in constructing the prediction model based on the LSTM network is determining its input and output sequences. Due to the large number of nodes in the regional power grid, using the original node data as model input would be time-consuming. To address this issue, the overall power of the renewable energy cluster is utilized as a single feature, thus simplifying the network structure and enhancing computational efficiency. The input data features include the historical power of load, each renewable energy cluster, and each tie line. The output data features are the power of selected tie lines.

After determining the input and output data, the original data are normalized to the [0, 1] interval. This normalization process eliminates the influence of different scales, accelerates model training speed, and facilitates faster model convergence. The normalization formula is as follows:

x^i=xi−xminxmax−xmin(8)

where xi and x^i denote the values before and after normalization; xmax and xmin denote the maximum and minimum values of the feature x.

Finally, the network parameters for each prediction model are established. All prediction models employ a two-layer LSTM structure, with parameters such as input time series length and the number of hidden layers adjusted based on the prediction timescale. The predicted values for each model are obtained after denormalizing the output of the fully connected layer. Then, the predicted values for the tie line transmission power over four hours (16 time points) are derived by combining the outputs of these models.

4  Fuzzy Rule-Based Early Warning Method

4.1 Power Calculation for Control Measure

The impact of REPREs on the power system is primarily manifested in the ramp rate and ramp amplitude, necessitating that power control measures provide the corresponding regulation speed and capacity [37]. Given the high uncertainty inherent in renewable energy generation, it is crucial to quantitatively analyze the dynamic regulation capability of power control measures. In this section, the adjustable power of each power control measure is calculated at 15-min intervals to effectively evaluate the ability of power system to manage power fluctuations across various time scales. Based on the proposed risk ranking strategy, the controllable power interval of each power control measure for each period is calculated sequentially.

4.1.1 Automatic Generation Control

When the power system experiences moderate fluctuations, AGC effectively mitigates these disturbances and restores the system frequency to its nominal value [38]. AGC consists of two principal components: primary frequency control (PFC) and secondary frequency control (SFC). PFC serves as the fundamental automatic frequency regulation in the power system but typically results in a steady-state frequency deviation. SFC, generally implemented subsequent to PFC, corrects the residual frequency deviation remaining after PFC has been applied. Therefore, to the maintain the system frequency at the standard value in each time interval, the maximum adjustable power of the SFC is used as the maximum adjustable power of the AGC. The formulas for determining the adjustable power of SFC in each time interval are as follows:

ΔPAGC_j(i)={PAGC_max(i)−PAGC_j(i),PAGC_max(i)−PAGC_j(i)<RAGC(i)×ΔtRAGC(i)×Δt,PAGC_max(i)−PAGC_j(i)≥RAGC(i)×Δt(9)

PSFC(j)=∑i=1NAGCΔPAGC_j(i)−(NGR+D)×Δf(10)

From the above equations, ΔPAGC_j(i) denotes the maximum adjustable power of the i-th AGC unit in period j; PAGC_max(i) and PAGC_j(i) denote the upper limit and initial power of the i-th AGC unit in period j, respectively; RAGC(i) denotes the maximum ramp rate of the i-th AGC unit; Δt denotes the time interval (i.e., 15 min); PSFC(j) denotes the maximum adjustable power of the SFC in period j; NG and NAGC denote the total number of units and the number of AGC units, respectively; R denotes the unit survey rate; D denotes the load-damping constant; Δf denotes the static frequency deviation. Therefore, the adjustable power of the SFC primarily depends on the adjustable power of AGC units, which is limited by the number of AGC units and their operation status.

4.1.2 Energy Storage System Control

ESS can release or absorb power as needed and respond within milliseconds for rapid power regulation. In this study, the independent energy storage system is used as the calculation subject, and the adjustable power of the ESS in each time interval is calculated as follows:

PESS(j)={SOCj×PN,SOCj≤Pdis_max×ΔtPNPdis_max×Δt,SOCj>Pdis_max×ΔtPN(11)

where PESS(j) denotes the maximum adjustable power of the ESS in period j; SOCj denotes the state of charge in period j; PN denotes the rated capacity; Pdis_max denotes the maximum discharge power. Therefore, the adjustable power of the ESS depends on its state of charge (SOC) and discharge power.

4.1.3 Thermal Generation Dispatch

Conventional thermal power reverse units are mainly divided into two categories: spinning reserve units and non-spinning reserve units [30]. Spinning reserve units are online units operating below full load that can quickly respond to system demand, whereas non-spinning reserve units are offline units that can be activated when needed, but this process takes longer and cannot provide an immediate response. Given the characteristics of the two types of units, the formula for calculating the power adjustability is as follows:

ΔPSr_j(i)={PSr_max(i)−PSr_j(i),PSr_max(i)−PSr_j(i)<RSr(i)×ΔtRSr(i)×Δt,PSr_max(i)−PSr_j(i)≥RSr(i)×Δt(12)

ΔPNSr_j(k)={0,t<tst(k)PNSr_max(k)−PNSr_j(k),t≥tst(k)&PNSr_max(k)−PNSr_j(k)<RNSr(k)×ΔtRNSr_j(k)×Δt,t≥tst(k)&PNSr_max(k)−PNSr_j(k)≥RNSr(k)×Δt(13)

PTGD(j)=∑i=1NSrΔPSr_j(i)+∑k=1NNSrΔPNSr_j(k)−(NGR+D)×Δf(14)

From the above equations, ΔPSr_j(i), ΔPNSr_j(k) denote the adjustable power of the i-th spinning reserve unit and the k-th non-spinning reserve unit in period j, respectively; PSr_max(i), PNSr_max(k) denote the upper limit power of the i-th spinning reserve unit and the k-th non-spinning reserve unit; PSr_j(i), PNSr_j(k) denote the initial power of the i-th spinning reserve unit and the k-th non-spinning reserve unit in period j; RSr(i), RNSr(k) denote the maximum ramping rate of the i-th spinning reserve unit and the k-th non-spinning reserve unit; t, tst(k) denote the initial time of the period j and the start-up time of the k-th non-spinning reserve unit; PTGD(j) denotes the maximum adjustable power of thermal power units under dispatch control in j-th period; NSr, NNSr denote the total number of spinning and non-spinning reserve units.

Therefore, in the dispatching process of conventional thermal power units, the adjustable power is mainly influenced by the number of units, the ramp rate, and the start-up time of the non-spinning reserve units.

4.1.4 Tie Line Power Dispatch

Tie lines play a crucial role in balancing load fluctuations, responding to emergencies, and enhancing power system stability and reliability. During the REPREs, it may be necessary to adjust the power transmission of tie lines between different regional power grids for power dispatch. However, the adjustable power of tie lines is constrained by factors such as total transfer capability, power flow change rate, economics, and market contracts. Given that power ramp events prioritize the security of power system, this paper considers only the limitations of total transfer capability and power ramp rate. The related calculation formulas are as follows:

ΔPline_j(i)={Pline_max(i)−Pline_j(i),Pline_max(i)−Pline_j(i)<Rline(i)×ΔtRline(i)×Δt,Pline_max(i)−Pline_j(i)≥Rline(i)×Δt(15)

PTie−line(j)=∑i=1NlineΔPline_j(i)(16)

From the above equations, ΔPline_j(i) denotes the adjustable power of the i-th tie line in period j; Pline_max(i), Rline(i) denote the upper limit of power transmission and ramp rate of the i-th tie line, respectively; Pline_j(i) denotes the initial power of the i-th tie line in period j; PTie−line(j) denotes the total maximum adjustable power of the tie line in period j; and Nline denotes the total number of tie lines.

In summary, the adjustable power of each power control measure depends on the operating state at the beginning of each period. Changes in the operating state are influenced by the power deficit of power grid during the corresponding period. In this paper, the net load change ΔPnet is used to represent the power demand for each period. If the power deficit from the previous period is not fully compensated, the remaining power deficit needs to be added to the current period. The power adjustments of different control measures in the same period are calculated sequentially according to the risk ranking strategy to determine the course of action. The relevant formulas for ΔPnet are as follows:

Pnet(j)=Pload(j)−Ppv(j)−Pwind(j)(17)

ΔPnet(j)=Pnet(j)−Pnet(j−1)(18)

ΔPnet(j+1)={ΔPnet(j+1),ΔPnet(j)≤Pcontrol(j)ΔPnet(j+1)+ΔPnet(j)−Pcontrol(j),ΔPnet(j)>Pcontrol(j)(19)

From the above equations, Pnet(j), Pload(j), Ppv(j), Pwind(j) are the net load, load, photovoltaic power, and wind power at time j, respectively; and Pcontrol(j) denotes the maximum adjustable power of all power control measures in period j.

Taking the AGC and ESS as an example, the power ΔPess(j) to be smoothed by the ESS in period j is calculated as follows:

ΔPess(j)={0,ΔPnet(j)≤PSFC(j)ΔPnet(j)−PSFC(j),ΔPnet(j)>PSFC(j)(20)

Specifically, if the AGC can effectively smooth out power fluctuations, the ESS remains inactive. Conversely, when the AGC is unable to fully compensate for the fluctuations, the ESS is required to mitigate the residual power.

4.2 Warning Level Calculation Based on Fuzzy Rule

4.2.1 Classification Problem of Warning Boundary Values

Based on the calculation method for adjustable power and power deficit proposed in Section 4.1, the power deficit for each period is compared with the adjustable power interval of control measures to establish a relative relationship. Subsequently, the warning level is classified according to the risk ranking strategy. Fig. 4 illustrates a scenario where the power deficit ΔPnet is at the junction of different adjustable power intervals. In such cases, the opinions of dispatcher may diverge: some may adopt a conservative stance and classify the danger level as Level II, while others may assess it as Level I.
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Figure 4: Schematic diagram of the risk attitude

To resolve this discrepancy, this paper proposes a warning grading method based on fuzzy rules. The warning levels are determined by employing the membership function and the principle of maximum membership.

4.2.2 Fuzzy Rules of REPRE Early Warning

The membership function typically takes two forms: trapezoidal-shaped function and triangular-shaped function [39]. As depicted in Fig. 5, the early warning membership functions are trapezoidal-shaped functions. According to the grading strategy, the adjustable power intervals of each control measure are arranged, with the power deficit of each period serving as the input variable. The corresponding warning level is determined based on the maximum membership degree principle. The effectiveness of the warning membership function depends on the selection of the inflection points and slopes.
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Figure 5: The membership function for early warning

As shown in Fig. 6a, the intersections of the warning membership function with the horizontal axis are referred to as the left intersection and the right intersection, respectively. The two inflection points are referred to as the left inflection point and the right inflection point, respectively. The values of these points are expressed as multiples of the corresponding power intervals. The left and right inflection points are fixed at 0.15 times the power intervals, while the values of the Xleft and Xright are determined by fuzzy rules. Fig. 6b illustrates the membership function curve for the ratio λ of adjacent power intervals, where λ can be expressed as:

[image: images]

Figure 6: The key information of the membership function. (a) The early warning membership function. (b) The λ membership function

λ=Pi+1Pi(21)

where Pi is the maximum adjustable power capacity of the i-th power control measure. S (small), M (middle), and B (big) for λ are the linguist variables. Under a conservative attitude, the fuzzy rules that take λ and the early warning level of the interval where the intersection point is located as inputs are shown in Tables 1 and 2. If the risk attitude is aggressive, the fuzzy rules for these two intersections need to be swapped.
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By adjusting the slope of the membership function, the sensitivity to different power intervals is regulated, reflecting the risk attitude of the dispatchers (Fig. 5: The membership function exemplifies a conservative attitude). Finally, the ultimate warning result is derived in accordance with the grading strategy. This method not only captures the risk attitudes of dispatchers but also optimizes the distribution of the adjustable power intervals, thereby reducing the adverse effects of prediction errors.

4.2.3 Warning Level and Corresponding Countermeasure

Based on the fuzzy rules, the power regulation intervals for each power control measure are compared with the grid net load to calculate the warning level of REPREs. The corresponding operating conditions of power system and countermeasures for each warning level are briefly described as follows:

1) Warning Level 0: This indicates that the AGC can achieve the power balance during this period without requiring dispatch control. However, the operation status of AGC units should be monitored to prevent insufficient regulation margin, which may affect power system stability.

2) Warning Level I: This indicates that the dispatchers need to manage the ESS to achieve power balance during this period. Meanwhile, the SOC of the energy storage device should be monitored. If the SOC falls below the lower limit, power output should usually be stopped to extend the lifespan of energy storage device.

3) Warning Level II: This indicates that the dispatchers need to manage the spinning reserve units or start non-spinning units urgently to achieve power balance during this period. The spinning reserve capacity should be monitored, and if it is insufficient or emergency dispatch is required, non-spinning units should be started based on their startup speed and capacity to maintain power system reserve capacity within a safe range.

4) Warning Level III: This indicates that the dispatchers need to carry out inter-area power dispatch to achieve power balance during this period. At this time, the transmission power of tie lines should be monitored to ensure it does not exceed the maximum transmission capacity, ensuring the safety of power transmission.

5) Warning Level IV: This indicates that the existing preventive control measures cannot achieve power balance, and emergency control measures, such as load shedding, need to be implemented to forcibly achieve power balance. During this period, dispatchers should continue implementing preventive control measures to reduce power deficit. Load shedding should prioritize flexible loads to ensure the normal power supply to critical loads as much as possible, minimizing economic losses.

4.3 Solution Procedure of REPRE Early Warning

Early warning results include the risk levels and the adjustable power of each control measure. The solution procedure of REPRE early warning is shown in Fig. 7, including two core parts:
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Figure 7: Solution procedure of REPRE early warning

1) Tie line power prediction model training: Based on the historical data of load power, PV power, wind power, and tie line power in the regional grid, the training sample set are generated for the LSTM prediction model, which is trained offline.

2) Periodic update of early warning results: When the operating state of various power control measures or the forecast data of renewable energy and load power is updated, the 4-h warning results, power deficit of power grid, and adjustable power of each measure are updated based on the latest data.

5  Case Studies

In this paper, the regional power grid of a wind-solar-storage base in China is employed to validate the effectiveness of the REPRE early warning method. The grid has an installed PV generating capacity of 10,580 MW, an installed wind generating capacity of 2450 MW, and an installed thermal generating capacity of 7510 MW. The load power ranges between 82 and 128 MW. The installed capacity of energy storage devices is 20% of the rated capacity of renewable energy, capable of providing continuous power supply for 2 h. And there are 22 tie lines with a voltage level of 500 kV and above.

All tests are carried out on a desktop computer with Intel 3.20 GHz Central Processing Unit (CPU) and 16 GB Random Access Memory (RAM).

5.1 Results of Tie Line Selection

The sensitivity of each tie line (parallel lines are merged into a single representation) is calculated by changing the output power of renewable generation in the grid through power flow calculations. With the sensitivity threshold βε = 10%, the selection results are shown in Table 3. Four major tie lines have been identified: Lines 4, 6, 7, and 10. Among them, Lines 6 and 10 represent equivalent lines after consolidation, which show significant changes in transmission power.
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Based on the actual structure of the regional power grid, the selected tie lines are all located in areas with concentrated distribution of renewable energy farms. These tie lines serve as the primary routes for power transmission between the wind-solar-storage base and the external power grids.

5.2 Accuracy Analysis of Prediction Model

In this paper, the PyTorch model library is used to construct prediction models with a prediction time scale of 15 min, 1, 2, and 4 h, using 15-min intervals for the data. The setting of hyperparameters has an essential impact on the convergence speed and prediction accuracy of the LSTM network. The final hyperparameter settings of the prediction model, after continuous optimization, are as follows: the LSTM network consists of two layers with neuron numbers of 20, 20, 25, and 20, respectively; the batch size is 256; the initial learning rate is 0.001; the number of iterations is 400; and the optimization algorithm is Adam’s algorithm. ER2 (Coefficient of Determination), ERMSE (root mean square error, RMSE), and EMAE (mean absolute error, MAE) are selected as the performance evaluation index [40], and the calculation formulas are as follows:

ER2=1−∑i=1N(yi−y⌢i)2∑i=1N(y⌢i−y¯i)2(22)

ERMSE=1N∑i=1N(y⌢i−yi)2(23)

EMAE=1N∑i=1N|y⌢i−yi|(24)

From the above equations, yi, y¯i, and y⌢i denote the samples’ true, average and predicted values, respectively; and N is the number of samples.

The renewable energy, load, and tie line power data of the regional power grid over a year are selected and divided into a training set and a test set with a ratio of 6:4. For each prediction model, the corresponding training subsets and test subsets are generated based on the prediction time scale, and then the hyperparameters are set and the model training is completed. The evaluation indices of each prediction model are shown in Table 4.
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As the prediction time scale increases, the evaluation index ER2 for the power prediction results of the four tie lines gradually decreases, while the indexes ERMSE and EMAE gradually increase, with more pronounced changes. This indicates that the accuracy of the prediction model decreases as the prediction time scale increases. To improve the prediction accuracy of the 4-h tie line power, an optimization method of individual prediction models is implemented. It can be seen that the optimized combination results in index ER2 being closer to 1 and indexes ERMSE and EMAE decreasing significantly compared to the single 4-h prediction time scale model. Thus, the 4-h prediction accuracy of the prediction model is comprehensively improved.

5.3 Effectiveness of Early Warning Method

A typical day is selected as the power ramp event warning calculation object in this section. To simulate power ramp scenarios more realistically, 13:00 is chosen as the start time for the warning calculation. The 24-h historical load power and renewable energy power curves, with a 15-min interval, are shown in Fig. 8. It can be observed that the renewable power at 13:00 is relatively high, making the power system susceptible to severe power ramp events during extreme weather conditions. The 24-h historical power data at the start time of the calculation is used as input data for the prediction model to forecast the tie line power for the next 4 h.
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Figure 8: The 24-h history power curves for renewable energy and load power

The historical and predicted power curves for the four tie lines are shown in Fig. 9. In this figure, the interval [−95, 0] represents historical power, while the interval [1,16] represents predicted power data. The positive and negative values of the power depend on whether the power input substation is inside or outside the regional grid. Historical data shows a close correlation between tie line transmission power and renewable energy output power. Therefore, the power dispatch of the tie line is an important means to maintain the power balance of the regional grid where the wind-solar-storage base resides.
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Figure 9: The 24-h history and 4-h forecast power curves for tie lines

5.3.1 Ramping Scenario Construction

In this section, various power ramp event scenarios are constructed by adjusting the initial operation parameters of each power control measure and using different prediction results of the renewable energy output and load power to verify the effectiveness of the warning method proposed in this paper. The basic operating conditions of the power control measures in the power system are as follows: all the thermal power units in the power system participate in the primary frequency control, while all units except the AGC units participate in the dispatch control; the droop rate for each unit is set at 5%, the load damping coefficient is fixed at 1%, and the allowable frequency deviation range is ±0.1 Hz; the ESS is configured according to the 20% and 2-h standards. Detailed parameter information for the thermal power units, ESS, and tie lines is shown in Tables 5–7, respectively.
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Three renewable energy power ramp event scenarios are constructed based on the basic operating scenario of power system.

Case 1: Refer to Fig. 10, we assume that the load forecast increases by 3% in the next hour, by 10% from 1 to 2 h, and by 7% from 2 to 4 h. The PV power forecast decreases by 10% in the next hour, 75% from 1 to 2 h, and 15% from 2 to 4 h. The wind power forecast increases by 15% in the next hour, decreases by 80% from 1 to 2 h, and increases by 70% from 2 to 4 h. Units 1 to 7 are AGC units, units 8 to 14 are spinning reserve units, and the remaining units are non-spinning reserve units. The operating parameters of each power control measure are consistent with those in Tables 5–7.
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Figure 10: The load and renewable energy power curves for Case 1

Case 2: Based on Case 1, only the initial parameters of the power control measures in the power system are changed without altering load power and renewable energy power. The specific adjustments include the following: Units 8 and 9 are changed to AGC units; the startup times of the non-spinning reserve units are changed to 30, 30, 45, and 45 min, respectively; the initial state of charge of the ESS is set to 0.9. This operating scenario is called Case 2.

Case 3: Based on Case 1, only the load power and the renewable energy power are changed without altering the initial parameters of the power control measures in the power system. The specific adjustments are as follows: The load power is assumed to increase by 3% within the next hour, decrease by 10% from the 1st to the 2nd h, and increase by 10% from the 2nd to the 4th h; no adjustments are made to the renewable energy power, and other parameters remain the same as in Case 1. This operating scenario is called Case 3.

5.3.2 Results of Adjustable Power for Different Operating States

For the three renewable energy power ramp scenarios constructed in Section 5.3.1, the power deficit of the grid and the adjustable power capacity of power control measures are calculated separately. The calculation results are then analyzed in conjunction with the corresponding operational scenarios.

The calculation results of Case 1 are shown in Fig. 11. The first set of bars represents the active power deficit of power grid for each period. In Periods 5 to 8, the power ramp process of the renewable energy power is relatively intense, and the change direction of the load power is opposite to the ramp direction of the renewable energy power, resulting in a significant power deficit of the power grid, which exceeds 6500 MW. The following four sets of bar graphs sequentially represent the adjustable power capacity of AGC, ESS, thermal generation dispatch, and tie line power dispatch for each period. Due to the limited reserve capacity of the AGC units, AGC loses its regulation capability after the 12th period. Similarly, due to the SOC limitations, the ESS loses its regulation capability after the 9th period. In contrast, the thermal power reserve units and tie lines always maintain a certain power regulation capability. The dispatch control of thermal power units reaches its maximum regulation capability in the 5th period and gradually decreases thereafter, while the tie lines always have sufficient power regulation capability.

[image: images]

Figure 11: The calculation results of power deficit and adjustable power capacity in Case 1

The calculation results of Case 2 are shown in Fig. 12. The active power deficit of the power grid in each period is the same as that in Case 1, and only the control capability of the power control measures is different. First, the number of AGC units has increased, which improves the regulation capability of AGC. Second, the initial state of charge of ESS has increased, which allows it to maintain regulation capability for 4 h. Finally, the start-up time of the non-spinning reserves has been reduced, which improves the response speed of the non-spinning reserves, and the dispatch control of the thermal power units reaches its maximum control capability in the 4th period.
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Figure 12: The calculation results of power deficit and adjustable power capacity in Case 2

The calculation results of Case 3 are shown in Fig. 13. Compared with Case 1, during periods 5 to 8, when the power ramping process of renewable energy is most severe, the change direction of load power is the same as the ramping direction of renewable energy power, which counteracts the effect of each other, resulting in a substantial reduction of the power deficit of the grid, only 4800 MW. However, from the 9th period, the load power of the grid gradually increases, and the magnitude of load change in Case 3 is larger, leading to an increased active power deficit of the grid in subsequent periods.
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Figure 13: The calculation results of power deficit and adjustable power capacity in Case 3

5.3.3 Analysis of Early Warning Result

Using the conservative warning strategy, the results of the REPREs under three different operating scenarios are shown in Fig. 14. The comparative analysis of the warning results is as follows:
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Figure 14: The results of REPRE early warning

1) In Case 2, more AGC units and fast start units are used than in Case 1, and the capacity of the ESS is increased. This increases the tolerance of power system to REPREs and reduces their negative impact. As a result, the overall warning level throughout the event is lower in Case 2 than in Case 1.

In the early stages of the ramp event, Case 2 has more AGC units, ensuring the power balance of the power grid only by the AGC in the first two periods. Notably, from Periods 5 to 8, the warning level remains at Level IV during Period 7. Although the rapid response capability and reserve capacity of the power system are improved in Case 2, there is no improvement in the maximum ramp rate of the control measures. During Period 7, the control capabilities of all power control measures reach their limits, similar to Case 1, resulting in the same warning level. This indicates that the power ramp process during this period is extremely severe, and the preventive control measures alone cannot guarantee the power balance of power grid. Dispatchers must implement emergency control measures or reduce the output of renewable energy in advance to minimize the power deficit during this period. From Periods 9 to 15, the ESS in Case 2 still has sufficient power regulation capability to maintain power balance without the need for reserve units, resulting in one level lower than in Case 1. In Period 16, there is a negative power deficit, so warning level is 0.

2) In Case 1, during Periods 5 to 8, the renewable energy down-ramp process coincides with the load increase phase, exacerbating the effect and significantly increasing the power deficit, ultimately leading to a Level IV warning, which severely impacts the power system. However, in Case 3, during the same periods, the renewable energy down-ramp process coincides with the load decrease phase, offsetting each other and significantly reducing the power deficit, resulting in a lower overall warning level and less damage to the power system.

In Periods 9 to 11, due to the reduced severity of the overall ramp event in the previous periods, the consumption of reserve capacity in the power system decreases. This allows the ESS to maintain sufficient power regulation capability, resulting in a relatively lower warning level. From Periods 12 to 15, the ESS loses its power regulation capability and the thermal power reserve units take control, with a warning level of II. In Period 16, the warning level remains at II due to the significant increase in load and insufficient AGC and ESS reserve capacity.

Therefore, it is necessary to configure and maintain sufficient fast-responding power sources, such as energy storage systems, pumped storage plants, and gas turbine units, for power systems with high penetration of renewable energy. This prevents the adverse effects of REPREs on the power system, thereby increasing system security and stability. Additionally, the impact of the same degree of renewable energy power ramp process on the power system varies significantly under different load changes. In particular, when the two effects overlap each other, it leads to severe power imbalance in the power system. Therefore, merely analyzing the characterization of the renewable energy ramp process (such as ramp amplitude, ramp rate, etc.) and using a fixed threshold to measure the risk of ramp events without considering load changes fails to accurately reflect the risk status of the power system.

In summary, the early warning method proposed in this paper can provide early warnings for REPREs under different operating conditions of the control measures and load changes. Dispatchers can adjust the membership function according to their own risk attitude to obtain corresponding levels of ramp event warnings. Furthermore, the method provides the maximum adjustable power capacity for different power control measures in different periods, enabling dispatchers to comprehensively grasp the operating status and risk trends of the power system. This guides them to adopt the correct dispatch strategy to minimize the negative impact of REPREs on the system. The early warning results of different case studies fully demonstrate the effectiveness of the early warning method presented in this paper.

5.4 Comparison with Other Methods

This section presents a comparative analysis of the proposed method, the Monte Carlo method, and the method without fuzzy rules in addressing uncertainty in the warning process. The experiment adopts the parameters of Case 1, assuming a renewable energy power prediction error of 15% and a load prediction error of 5%, both following a normal distribution. The risk aversion rate of the dispatchers is set at 90%, meaning that when the probability of higher warning level exceeds 10%, the result is classified as the higher warning level. The Monte Carlo method uses 5000 samples to calculate the probability of warning results for each period based on frequency. The simulation results are shown in Fig. 15 and Table 8, where each period’s three baseline bars represent the Monte Carlo method, the method without fuzzy rules, and the proposed method. The dashed line indicates the risk aversion rate of the Monte Carlo method.
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Figure 15: Comparison of warning results in different methods
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From Fig. 15, it can be observed that, except for the 7th period, the warning results of the three methods are consistent in other periods. The Monte Carlo method, when the sample size is sufficiently large, can cover almost all power ramp scenarios, resulting in high simulation accuracy. Therefore, the warning results of the Monte Carlo method are considered accurate. According to the probabilities of the Monte Carlo method’s warning results, in the operating scenario of Case 1, the net load ΔPnet during the 6th, 7th, 8th, and 10th periods falls on the boundary of the warning interval. The high warning level probabilities for these periods are 7%, 18%, 3%, and 4%, respectively. Under the constraint of a 90% risk aversion rate, the final warning levels are III, IV, III, and II, respectively, which are consistent with the results of the proposed method. However, the method without fuzzy rules assigns a warning level of III for the 7th period, indicating its inability to accurately handle boundary values of the warning interval and provide effective warning results consistent with the dispatcher’s risk attitude.

As shown in Table 8, the Monte Carlo method demands a substantial number of samples, leading to extended computation times. In contrast, the proposed method, which uses fuzzy rules to address uncertainty, requires only one calculation, significantly reducing the computation time. Therefore, the fuzzy rule-based warning system not only effectively warn of REPREs and provide warning results consistent with the risk attitude of dispatchers but also ensures rapid computation, meeting the needs of online operation.

5.5 Practical Application of REPRE Early Warning System

To implement the proposed REPRE early warning system in an actual power grid, two primary challenges must be addressed: (1) acquisition of power data and operational status information from the power grid; (2) adaptability of the tie line power prediction model.

To address these challenges, the application schematic of the REPRE early warning system is illustrated in Fig. 16. Firstly, the energy management system conducts real-time monitoring of power grid data and operational information, packaging and transmitting this data to both the historical database and the warning system. Subsequently, the database categorizes the received data, selecting time series data for renewable energy generation, load, and tie line power. Dispatchers obtain power data from the database to form training set samples for offline training of the tie line power prediction model, ensuring the prediction model matches the target power grid. Finally, based on their risk attitude towards REPREs, dispatchers choose the fuzzy rule parameters of the REPRE early warning system, completing the initialization and tuning of the warning system.
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Figure 16: The application schematic of the REPRE early warning system

During system operation, whenever the energy management system updates the power and operational data of power grid, the warning system updates the warning results for the upcoming 4-h power ramp events and the power adjustment capabilities of various power control measures based on the latest data. Through the initialization and tuning of the warning system, dispatchers can obtain warning results aligned with their own judgments without considering risk level probabilities. This enables faster formulation of appropriate preventive control strategies and reduces the adverse impacts of REPREs.

6  Conclusion

This paper proposes an early warning method for wind and photovoltaic power ramp events based on the LSTM network and fuzzy rule. The following conclusions are drawn from both theoretical analysis and numerical studies.

1) Based on the control costs of various power control measures in the grid, a ranking strategy for the severity of REPREs is proposed, facilitating a robust decision-making framework for subsequent prevention and control decisions.

2) The prediction model for tie line power is established based on LSTM network, determining the power support capacity of the external grid and improving the accuracy of 4-h forecast results.

3) The early warning method based on fuzzy rules is applicable to different operating scenarios. The warning results match the risk attitudes of dispatchers to the REPREs, effectively guiding preventive control decisions.

The quantitative relationship between preventive control measures and warning risks of REPREs will be focused on in future studies, considering source-network-load-storage coordination. This aims to more accurately and effectively guide decision-making in control strategies.
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Table 3: Results of sensitivity analysis of tie lines

Line Number Mark v for parallel lines B (D) B, (i)

1 v 5.0947% 5.7107%
2 v 0.0795% 0.1008%
3 v 0.1104% 0.1178%
4 17.3796%  14.5191%
5 2.9792% 3.0854%
6 v 20.8459%  20.8351%
7 11.5701%  11.3412%
8 v 5.8123% 5.7691%
9 v 0.8817% 1.1255%
10 v 27.9638%  30.3428%
11 v 4.0989% 4.3874%
12 1.2001% 1.1824%

v

0.9836% 0.9828%
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Table 8: Comparison of calculation time in different methods

Method

Calculation time (s)

Monte Carlo method
Method without fuzzy rules
Fuzzy rule-based method

254.186
0.319
0.338
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Table 4: Evaluation indices results of different prediction models
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I-h Prediction model 3 0.9822 77.4536 39.1777
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2-h Prediction model 3 0.9639 110.4040 58.4122
4 0.9797 97.0304 56.8840
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- 2 0.9250 54.7754 30.1603
4-h Prediction model 3 0.9313 152.2495 93.2488
4 0.9534 146.9713 90.5527
] 0.9758 61.9405 37.6793
4-h Optimized prediction 2 0.9509 47.5940 223423
model 3 0.9505 126.6193 70.2705
4 0.9699 118.1160 66.8326
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Table 7: Tie line parameters

Line number Total transfer capability (MW) Ramp rate (MW/h)
1 2300 600

2 1000 300

3 3100 1200

4 4100 1000
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Table 1: Fuzzy rules for the X,

Input A

S M B
Level
I 0.2 0.5 0.7
1T 0.22 0.52 0.72
111 0.24 0.56 0.76

v 0.30 0.62 0.82
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Table 6: ESS parameters

Rated capacity (MWh) Output cower (MW/h) Initial state of charge
5200 2600 0.7
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Table 2: Fuzzy rules for the X,z

Input A

S M B
Level
0 0.18 0.15 0.1
I 0.16 0.13 0.08
1T 0.14 0.11 0.06

111 0.12 0.09 0.04
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Table 5: Thermal power unit parameters

Unit number Installed capacity (MWh) Initial power (MW) Start time (min) Ramp rate (MW/h)

1 330 145 66
2 330 165 66
3 350 195 70
4 350 175 70
5 330 165 66
6 330 165 66
7 320 160 64
8 320 160 64
9 700 330 140
10 700 320 140
11 700 350 140
12 700 350 140
13 1000 800 200
14 1010 800 202
15 330 0 60 66
16 330 0 60 66
17 700 0 60 140
18 330 0 60 66
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