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Off-grid pure renewable energy systems increasingly rely on inverter-based sources, making their frequency response characteristics crucial for frequency stability analysis. To address the limited interpretability and poor online applicability of existing high-order models, this paper develops a low-order and physically interpretable frequency response model for inverter-based sources. A reduced-order model on the power–frequency time scale is derived to reveal the frequency response mechanism, analytical expressions for key dynamic indicators are obtained, and a Levenberg–Marquardt–based parameter identification method is proposed. An online updating mechanism and parameter adjustment strategy are further designed to handle operating-point variations and low-damping, low-inertia conditions. Simulation results validate the accuracy and robustness of the proposed model, as well as the effectiveness of the identification and updating strategies in practical application scenarios.
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1 INTRODUCTION
As a form of microgrid, off-grid renewable energy systems offer significant advantages such as environmental sustainability, autonomous operation, and low operational costs. In recent years, they have garnered increasing attention as a viable alternative for power supply, particularly in areas where conventional grid extension is technically challenging or economically unfeasible. For instance, in remote mountainous regions, islands, and other isolated areas, the high cost of extending the power grid and the elevated cost of renewable-energy-based hydrogen production make off-grid renewable systems an attractive solution. By harnessing locally available renewable energy sources, these systems enable independent power generation, thereby eliminating transmission and distribution expenses as well as grid integration and regulation costs. National policies such as the Renewable Energy Law of the People’s Republic of China and the 14th Five-Year Plan for Renewable Energy Development explicitly support the deployment of clean energy technologies in remote areas and for hydrogen production. In line with these policy directives, China has developed several demonstrative off-grid renewable energy projects, including the Ejin Banner off-grid renewable system in Inner Mongolia, the near-zero-carbon system on Dongyu Island in Boao, Hainan Province, the off-grid hydrogen production system in Tieling, Liaoning Province, and the island microgrid in Wanshan, Zhuhai. These efforts highlight the growing role of off-grid renewable energy systems as a key pathway for enhancing power supply in diverse and challenging environments (Huang et al., 2024; Kang and Xiao, 2024; Chen et al., 2020; Bai et al., 2022; Wang et al., 2023).
Frequency stability is among the most pressing challenges in ensuring the safe and reliable operation of off-grid renewable energy systems. The inherently intermittent and volatile characteristics of solar and wind energy, coupled with poor load complementarity, often result in significant power fluctuations within these systems. Furthermore, the absence of strong grid interconnection renders these systems vulnerable to insufficient frequency damping, which may compromise power supply stability and, in extreme scenarios, lead to overall system instability. To address this challenge, it is crucial to develop accurate frequency response models that capture the dynamic characteristics of off-grid systems and establish a theoretical basis for frequency regulation. In such systems, DC power generated from solar and wind energy is typically converted to AC and supplied to loads via inverters. Consequently, these systems are classified as inverter-dominated, with their system frequency response (SFR) primarily dictated by inverter dynamics. Developing a precise SFR model for inverter-based source systems thus represents a core technical requirement for achieving effective frequency stability control in off-grid renewable energy systems.
In prior studies, the frequency dynamic response of inverter-based source has typically been represented by constant-gain models or first-order inertial elements (Zhang and Mingjie, 2020; Zheng et al., 2019; Qinfeng et al., 2024). Although these simplified models facilitate analytical tractability, they substantially oversimplify the underlying inverter dynamics (Xiaokang et al., 2023), often leading to considerable deviations in simulating system responses to load variations and frequency disturbances. To improve model fidelity, advanced model reduction techniques—such as singular perturbation and balanced truncation—have been employed to derive reduced-order representations from multi-scale, high-order inverter models (Gao et al., 2022; Yonggang et al., 2020; Liu et al., 2021; Luyang et al., 2024; Junkai et al., 2022; Gao et al., 2021; Abd Elaziz and Oliva, 2018), enabling the characterization of slow-scale SFR behavior in renewable generation systems. In recent years, data-driven machine learning approaches have emerged as an important avenue for constructing system frequency response (SFR) models. For example, Ref. (Zhang and Wang, 2021) proposed an SFR modeling framework for integrated wind–solar–thermal power systems using balanced truncation combined with deep transfer learning. In Ref. (Bai et al., 2022), a multivariate random forest regression algorithm was trained to develop an SFR model for inverter-based sources. These modeling enhancements have indeed improved the accuracy of inverter frequency response characterization. However, traditional model order reduction techniques, such as singular perturbation, are predominantly developed from a mathematical abstraction perspective and often fail to capture the physical characteristics of inverter-based systems. As a result, they lack the ability to reveal the intrinsic mechanisms through which inverters participate in system frequency dynamics, thereby limiting their applicability in physically interpretable analyses and control-oriented applications. In contrast, data-driven approaches—while capable of yielding fast-responding surrogate models under ideal training conditions—typically demand large volumes of high-quality data to ensure robustness across a wide range of operating scenarios. Furthermore, these models often lack physical interpretability, thereby limiting their ability to reveal the underlying mechanisms of inverter operation and hindering their application in physically grounded control and analysis frameworks (Kouro et al., 2015; Ma et al., 2017; Liang et al., 2020).
Motivated by these challenges, this study investigates the frequency response modeling and application of inverter-based source in off-grid renewable energy systems. First, a frequency response model on the power–frequency timescale is derived from the full-order dynamic model of the inverter, providing insight into the underlying frequency response mechanisms. Second, analytical expressions for the dynamic performance indices of the frequency response model are formulated, and a parameter identification method based on the Levenberg–Marquardt optimization algorithm is proposed to accurately estimate the model parameters. Then, an online model updating mechanism and a parameter tuning strategy are developed to improve model adaptability under varying operating conditions and to address weak damping scenarios. Finally, simulation studies are conducted to validate the accuracy of the proposed frequency response model and to demonstrate the effectiveness of the parameter identification method, model updating mechanism, and tuning strategy.
The main contributions and innovations of this paper are summarized as follows:
i) An SFR model applicable to in off-grid renewable energy systems is theoretically derived on the frequency-dynamic timescale. The proposed model achieves the minimal effective order required to preserve essential system dynamics. Unlike traditional methods that emphasize mathematical simplification or data fitting at the expense of physical meaning, the derived model provides analytical expressions for the SFR. In addition, it establishes explicit correspondence with the physical components involved in the frequency response process, thereby enabling a clearer interpretation of the inverter’s dynamic frequency behavior.
ii) A parameter identification method for the inverter-based SFR model is proposed based on the Levenberg–Marquardt algorithm. The method strikes a balance between convergence speed and robustness: it achieves rapid convergence when the initial estimate is close to the true value, and maintains stable convergence even when the initial guess deviates significantly from the actual solution.
iii) An online parameter updating mechanism and a damping enhancement strategy are developed based on the proposed inverter-based SFR model. These methods address model degradation caused by variations in operating conditions and mitigate the effects of insufficient inertia and damping in off-grid renewable energy systems.
2 FREQUENCY RESPONSE MODELING OF INVERTER-BASED SOURCE
In off-grid renewable energy systems, renewable sources typically interface with the load through power electronic inverters, which convert DC power into AC power. Consequently, the overall system can be abstracted as a single-inverter single-load configuration, as illustrated in Figure 1. In this configuration, the inverter-based source represents the generation side and incorporates a phase-locked loop (PLL) and cascaded voltage–current dual-loop control. Node 2 corresponds to the inverter terminal after the output filter, while Node 1 denotes the point of common coupling (PCC) where the load is connected. The transmission path between the generation side and the load is modeled using a line impedance RL+jXL, which characterizes the electrical distance and associated dynamics. The detailed state-space representation of this configuration is provided in Appendix A.
[image: Diagram of a control system for a photovoltaic inverter. It includes sections for power calculation, PWM, d-q transformation, current control loop, and active power-frequency control. Components such as PI controllers, inductors, and capacitors are labeled. The system regulates voltage and frequency with loops for voltage support and modulation.]FIGURE 1 | Single Inverter-based Source Single Load System Topology and its Control Structure.Off-grid renewable energy systems are highly sensitive to environmental conditions, which can cause frequent shifts in operating points. The power balance between the generation and load sides becomes complex and variable under such conditions. As illustrated in Figure 2, certain operating points can maintain frequency stability under small disturbances. However, When the operating point departs substantially from nominal, the system tends to exhibit weakly damped oscillations. Accordingly, developing a frequency-response model with explicitly stated physical mechanisms and enhancing damping via parameter tuning is an effective means to improve the frequency stability of islanded power systems supplied exclusively by converter-interfaced renewable generation.
[image: Graph showing frequency in Hertz versus time in seconds, depicting three operating points. Operating Point 1 is a blue dotted line, Operating Point 2 is a blue dashed line, and Operating Point 3 is a red solid line. The graph illustrates different frequency behaviors over time for each point.]FIGURE 2 | SFR curves under different operating points.2.1 Transfer function representation of the inverter frequency response model
The time scale of electromagnetic transients ranges from microseconds to milliseconds, while that of primary frequency control or governor action ranges from several seconds to tens of seconds (Sauer et al., 1997). This paper selects the aforementioned single-machine single-load PV system as the research object, aiming to develop a mathematical model that can accurately and efficiently characterize its frequency stability dynamics. The model is designed to reflect the dynamic response characteristics between the PV output power and the system frequency. Therefore, this paper focuses on the dynamic characteristics of the PV system within the time scale of power system frequency dynamics, which belongs to the slow time scale, ranging from several seconds to tens of seconds. All symbols and units employed in this paper are consistently defined in the Appendix titled “Variable Definition Table.”
For PV panels, under natural conditions, the current-voltage characteristics of the solar panels are primarily influenced by irradiance and temperature. The variations within a time scale of seconds are minimal. Therefore, this paper assumes that the DC voltage output at the terminals of the PV panels remains constant, allowing us to neglect the internal dynamics and model the PV panels as a constant DC voltage source.
For the dual-loop control of current and voltage, the time scale of the inner current loop and the outer voltage loop is typically in the range of tens to hundreds of hertz, which corresponds to a microsecond level, indicating a relatively fast time scale.
For the RLC filter circuit, the time constant is typically used to characterize the settling speed of the circuit. Under typical parameter settings, the time constants of the RC and LC circuits are approximately τRC≈1×10−6s, τLC≈2.24×10−2s.
Evidently, the time scale of the RC section involving the filter capacitor is at the microsecond level, which is considered a fast dynamic compared to frequency dynamics.
In summary, the distribution of time scales for various components of the PV system is illustrated in Figure 3. Given that this paper focuses on the frequency response characteristics of the PV system within the slow time scale regime, the subsequent analysis will disregard the fast dynamic components and retain only the power-frequency dynamic characteristics. Specifically, the following assumptions are made to establish the frequency dynamic response model of the PV system: i) Neglect the current inner-loop control at the millisecond to microsecond level, i.e., disregard the transient process of the d-axis current tracking its reference value. ii) Neglect the charging process of the filter capacitor, which occurs on the microsecond timescale. Accordingly, disregard the associated capacitor charging current dynamics in the model.
[image: Diagram showing a time scale from 10^-6 to 10^1 seconds, divided into segments. Components include filter capacitor, current inner loop, and voltage support outer loop, with physical quantities like charging current, voltage command value, and system frequency. PLL and line + load are also noted.]FIGURE 3 | Time scale of each link in the system.The simplified components mentioned above are indicated by shaded blocks in Figure 1 to enhance clarity. The linearized state-space model of the inverter-based source system under the frequency-dynamic timescale is provided in Appendix B. In the following sections, the frequency response model of the inverter is derived, with particular emphasis on the dynamic behavior over the time scale relevant to frequency and active power.
For the active power–frequency control section, and utilizing the small-signal model provided in Appendix B, the following transfer function relationships between active power ΔPe, frequency Δf, and d-axis current Δid are established:
ΔPe=−1RΔf−GpfΔid(1)
Where Kp1 and Ki1 represent the proportional and integral gain, respectively, of the active power-frequency control loop, R represents the droop coefficient, Gpf=sKi1+sKp1.
To obtain the relationship between active power and frequency in (1), the variable Δid must be eliminated. By incorporating the definition of inverter output power, the expression of ΔPe is introduced to eliminate the voltage and current components at the point of common coupling.
ΔPe=32ud0Δid+id0Δud+uq0Δiq+iq0Δuq(2)
Where ud0, id0, uq0 and iq0 represent the steady-state d-axis and q-axis voltages and currents, respectively; Δud, Δid, Δuq and Δiq represent the changes in d-axis and q-axis voltages and currents, respectively.
Due to the introduction of new variables Δuq, Δiq and Δud in Equation 2, it is necessary to eliminate them. First, utilize the linearized expression of the PLL model to eliminate Δuq:
Δuq=GpllΔf(3)
Where Kp and Ki are the proportional and integral gain, respectively, of the PLL control loop, Gpll=2πssKp+Ki.
Subsequently, combine the grid-side model to eliminate Δiq and Δud. The small-signal model for the line and load is:
Δud=RLΔid−XΔiq(4)
Δuq=RLΔiq+XΔid(5)
Where X represents the sum of the filter inductance, line reactance, and load reactance, while RL denotes the sum of the filter resistance, line resistance, and load resistance.
By combining Equations 3, 5 the expression for Δiq can be obtained:
Δiq=GL1Δid+GL2Δf(6)
Where GL1=−XRL, GL2=GpllRL.
By substituting Equation 6 into Equation 4 to eliminate Δiq, the expression for Δud can be obtained:
Δud=GL3Δid−GL4GpllΔf(7)
Where GL3=RL2+X2RL, GL4=XRL.
Finally, by substituting Equations 4, 6, 7 into Equation 2, it is possible to eliminate Δuq, Δiq and Δud, resulting in an expression for ΔPe without introducing new variables:
ΔPe=GL′Δid+GL‴−GpllGL″Δf(8)
Where GL′=32ud0+id0GL3+uq0GL1=32ud0+id0GL3, GL″=32id0GL4−iq0, GL‴=32uq0GL2=0.
By substituting Equation 8 into Equation 1, the expression for Δid can be derived, as shown in Equation 9:
Δid=−−GpllGL″+GL‴+1RGpf+GL′Δf(9)
By substituting the expression in (9) into (1), the transfer function form of the inverter-based SFR model is obtained. This model effectively characterizes the dynamic interaction between inverter active power and system frequency.
ΔPe=−RGpfGpllGL″−GL′RGpf+GL′Δf(10)
Equation 10 establishes a reduced-order, physically interpretable frequency response model for inverter-based source. In comparison with the full electromagnetic transient model, this formulation reduces computational complexity while preserving the essential frequency dynamics. The physical interpretability originates from its derivation based on inverter control dynamics rather than empirical fitting, with model parameters directly corresponding to measurable physical quantities. Consequently, the model elucidates the intrinsic mechanism by which active power disturbances influence frequency stability.
2.2 Block diagram representation of the inverter-based frequency response model
Equation 10 defines the SFR model of the inverter in the transfer function domain. This model captures the dynamic interactions among the active power–frequency control loop, the line and load subsystem, and the PLL. Based on the mathematical formulations in (1), (2), (4), and (7), the corresponding block diagram representation of the inverter-based SFR model is constructed, as illustrated in Figure 4.
[image: Block diagram of a control system with three main sections: VOR, Line+Load, and PLL. The VOR section uses parameters \( K_{il}/s \) and \( K_{p1} \), the Line+Load section has components \( G'_L \) and \( 1/G''_L \), and the PLL section includes \( K_i/s \) and \( K_p \), leading to an output through \( 1/2\pi \).]FIGURE 4 | SFR block diagram of inverter-based source reflecting frequency response process.Compared with the transfer function-based SFR model presented in Section 2.1, the block diagram model shown in Figure 4 provides clearer insight into the physical mechanism underlying the inverter’s frequency response. When an active power disturbance ΔPe occurs, the response begins with the inverter’s outer voltage control loop, which performs active power–frequency regulation. This loop employs a proportional–integral (PI) controller to adjust the inverter’s active current Δid, thereby modulating the inverter’s active power output to help restore the system frequency. The regulated current Δid is then injected into the inverter’s grid-side network, where it interacts with the impedance characteristics of the transmission line and load. As a result, the quadrature-axis terminal voltage Δuq changes and is fed into the PLL. The PLL processes Δuq to yield the frequency deviation Δf ,which is subsequently fed back to the outer voltage control loop. This forms a closed-loop interaction that captures the dynamic coupling between the inverter and system frequency.
Meanwhile, the aforementioned inverter frequency response process reveals the dynamic interaction mechanism between the inverter’s active power and the system frequency. Specifically, when a disturbance causes a frequency deviation Δf, this deviation is fed into the inverter’s active power–frequency droop control, which accordingly adjusts the active power reference value Pref. On the inverter side, the updated Pref is processed sequentially through three cascaded modules—namely, the outer power control loop, the line-load impedance dynamics, and the PLL. This sequence of dynamic responses collectively exerts a feedback effect on the evolution of the system frequency deviation Δf.
In summary, the inverter SFR block diagram model proposed in this paper offers a significant advantage in revealing the dynamic process through which renewable energy systems participate in system frequency response. This is because the model is derived analytically based on the mathematical representations and interrelations of key physical components of the inverter on the frequency-dynamic timescale, resulting in a physically interpretable SFR formulation. In contrast, the singular perturbation method directly separates the fast and slow dynamics of the system through mathematical techniques, which may compromise the structural physical interpretability of the SFR model during matrix inversion. Moreover, improper selection of model order or parameters may lead to the omission of critical dynamic characteristics. As for data-driven machine learning algorithms, their decision-making processes are primarily based on statistical correlations in historical data rather than fundamental physical laws, often leading to a “black-box” nature. Consequently, such models generally lack transparency and are unable to provide clear physical insight into system behavior.
3 PARAMETER IDENTIFICATION OF THE INVERTER FREQUENCY RESPONSE MODEL
This section focuses on the parameter identification methods for both the mathematical and block diagram representations of the inverter frequency response model. First, analytical expressions for the dynamic performance indices of the SFR model are derived to formulate the parameter identification framework for the inverter’s transfer function and block diagram models. Subsequently, a parameter estimation approach based on the Levenberg–Marquardt algorithm is proposed for solving the identification problem.
3.1 Parameter identification model of the inverter SFR transfer function
The transfer function form of the inverter SFR model has been provided in Equation 10. By substituting the parameters G′, GL″, and GL‴ into Equation 10 and performing algebraic simplification, the inverter SFR model can be expressed in the following standard second-order form:
ΔfΔPe=a0+a1s+a2s2b0+b1s+b2s2(11)
Where a0, a1, a2, b0, b1, and b2 are the parameters to be identified in the inverter SFR transfer function model.
To further ensure the model’s interpretability and parameter traceability, a physically-based description is adopted. A physically-based model is defined as one in which the parameters possess explicit physical meanings. In the proposed SFR model, the coefficients a0,a1,a2,b0,b1,b2 are not abstract number but are directly linked to the controller parameters, line impedance, filter parameters and load impedance. When the control parameters vary, these coefficients are correspondingly updated, forming an inherent relationship between the control law and the model parameters. The proposed SFR model establishes an explicit physical mapping between its parameters and controller quantities, ensuring interpretability.
Based on this formulation, the dynamic characteristics of the inverter SFR model are quantitatively analyzed. By performing the inverse Laplace transform, the time-domain response of Equation 11 to a unit step disturbance can be derived as follows:
ct=a0b0+ϒb0e−ζωnt⁡cosωdt−Λ1(12)
Where ωd represents the damped natural frequency, Χ2=a1ωn−a2ωn2ζ−a0ζ/1−ζ2,Χ1=a2ωn2−a0,ωn=b0/b2,ζ=b1/2b0b2,Λ1=tg−1Χ2/Χ1,ϒ=Χ1+jΧ2,ωd=1−ζ2ωn, ωn represents the undamped natural frequency of the system.
Based on the time-domain expression in Equation 12, the key dynamic performance metrics of the inverter SFR model under step response can be sequentially derived, including peak time tp, peak value ctp, overshoot Δp, and rise time tr.
The peak time refers to the time required for the response to reach its first peak after exceeding the steady-state value. According to its definition, the peak time tp is determined as the time at which the first derivative of Equation 13 becomes zero. Therefore, it can be expressed as follows:
tp=0.5π+Λ1+Λ2/ωd(13)
Where Λ2=tg−11−ζ2/ζ.
The peak value ctp can be obtained by substituting tp into Equation 12, from which Equation 14 is derived.
ctp=a0b0+ϒb0e−ζ1−ζ20.5π+Λ1+Λ2⁡cos0.5π+Λ2(14)
The overshoot is an index used to quantify the extent to which the system response exceeds its final steady-state value. It is defined as the ratio of the deviation between the peak value ctp and the steady-state value c∞ to the steady-state value, as shown in Equation 15.
Δp=ctp−c∞c∞×100%(15)
From the analysis of the inverter’s unit step response in Equation 13, the steady-state value c∞ can be determined. This response comprises two components: a constant term a0b0, and a transient term that decays exponentially with time as governed by the parameter e−ζωnt. As time approaches infinity, the transient term vanishes, leaving the steady-state value as c∞=a2b2. Substituting ctp and c∞ into Equation 16 yields:
Δp=ϒa0e−ζ1−ζ20.5π+Λ1+Λ2⁡cos0.5π+Λ2(16)
The rise time refers to the duration required for the response curve to increase from 10% to 90% of its steady-state value. For computational simplicity, tr is defined as the time at which the response ctr first reaches the steady-state value c∞, and its expression is derived as shown in Equation 17.
tr=0.5π+Λ1/ωd(17)
The analytical expressions for the four dynamic performance indices have thus been derived. However, since the number of unknown parameters in Equation 11 exceeds the number of available performance indices, these parameters cannot be directly solved. Consequently, an optimization model is formulated in the following section to estimate the parameters of Equation 11.
An effective approach to evaluate whether the identified parameters of the inverter-based SFR transfer function model are satisfactory is to compare the model’s response with measured data. Accordingly, the following objective function is established:
min⁡F=1n∑i=1ncik−cmik2(18)
In the equation, cmik represents the value of the i measured disturbance response sample at time k, while cik denotes the corresponding theoretical value at time k obtained from Equation 11 using the current parameter set. The objective function is defined as the average over n samples to mitigate the influence of measurement noise from any individual sample.
When the SFR model of the inverter-based source is identified with an optimal set of parameters, the theoretical values of dynamic performance indices calculated from Equation 13 through Equation 17 will closely match the corresponding measured values. Based on this principle, constraint conditions are formulated in this section to ensure consistency between the theoretical and measured dynamic characteristics:
tp,m=tpcmtp=ctpΔpm=Δptr,m=tr(19)
Where tp,m, cmtp, Δpm, and tr,m represent the measured values of peak time, peak value, overshoot, and rise time obtained from the disturbance response curve, respectively. tp, ctp, Δp, and tr denote the corresponding theoretical values computed by substituting the current model parameters into Equation 13 through Equation 18.
Accordingly, the parameter optimization framework for the inverter-based SFR transfer function model is established by combining the objective function defined in Equation 18 with the constraint conditions specified in Equation 19. When a particular set of parameters minimizes the objective function below a predefined error threshold, it is regarded as yielding a satisfactory and physically meaningful representation of the inverter’s SFR characteristics.
3.2 Parameter optimization model of the inverter SFR block diagram
Although Section 3.1 provides a solution to the transfer function representation of the inverter SFR model, the resulting expression reflects only the overall response of all internal control and system components combined. The specific parameters associated with the key internal control loops of the inverter remain unidentified. Therefore, based on the results from Section 3.1, this subsection further develops an optimization model for the inverter SFR block diagram as shown in Figure 4.
By deriving the parameter expressions of the inverter SFR model from Equation 10 and comparing them with Equation 11, the following set of equality relationships can be established between the parameters of the inverter SFR transfer function model and those of the SFR block diagram model, as presented in Section 3.2:
a0=RKp+RKpKp1GL′a1=RKi+RKpKilGL′+RKiKp1GL′a2=RKiKilGL′b0=−2πGL″R−KpKp1GL′b1=−KiKp1GL′+KpKilGL′b2=−KiKilGL′(20)
By substituting Equation 20 into Equation 13 through Equation 17, the objective function defined in Equation 19 and the constraint conditions specified in Equation 18 can be reformulated in terms of the system parameters of the inverter SFR block diagram model. Consequently, the parameter optimization model established in Section 3.1 is transformed into an optimization framework aimed at identifying the parameters of the inverter SFR block diagram model.
3.3 Optimization method
Sections 3.1, 3.2 respectively formulate parameter optimization models for the inverter-based source SFR transfer function and block diagram models. To obtain the optimal solutions of these models, this section presents an optimization approach based on the Levenberg–Marquardt method.
The core idea of the Levenberg–Marquardt method lies in introducing a damping factor λ to combine the update rules of the Gauss–Newton method with those of the gradient descent method. When the error is small, the damping factor is reduced, making the algorithm behave more like the Gauss–Newton method, thereby accelerating convergence. Conversely, when the error is large or the step size is inappropriate, the damping factor is increased, causing the algorithm to lean toward gradient descent, thus enhancing stability. The Jacobian matrix J of the objective function is computed to reflect the error gradient, as shown in Equation 21.
Jij=∂Fi∂γj(21)
Where Fi represents the i dynamic performance index, and γj denotes the j parameter to be estimated.
To achieve both stability and fast convergence, the Levenberg–Marquardt method modifies the classical Gauss–Newton algorithm by incorporating a damping term. This augmentation allows the algorithm to behave like the Gauss–Newton method when the error is small and like the gradient descent method when the error is large, thereby improving robustness. The parameter γk+1 update expression is formulated as follows:
γk+1=γk−JγkTJγk+λI−1JγkTrγk(22)
Where I denotes the identity matrix and λ is the damping factor, which is dynamically adjusted based on the variation of the objective function. Specifically, if the objective function value decreases, λ is reduced to allow a larger step size, thereby accelerating convergence. Conversely, if the objective function value increases, λ is increased to reduce the step size, enhancing stability. This adaptive adjustment enables the algorithm to converge robustly when the initial estimate is far from the true solution and to converge rapidly when the estimate is near the optimal point. The vector rγk represents the residuals, as shown in Equation 23.
rγk=1n∑i=1ntp,mi−tpi∑i=1ncmitp,mi−citpi ∑i=1nΔpmi−Δpi ∑i=1ntr,mi−triT(23)
The iteration terminates either upon reaching the maximum number of iterations or when the following convergence criterion is satisfied, as shown in Equation 24.
F<ε2max⁡rγk<ε1(24)
Where ε1 and ε2 represent the thresholds for the residual and the objective function, respectively.
The inverter SFR model can be obtained using the aforementioned Levenberg–Marquardt algorithm, and its flowchart is shown in Figure 5.
[image: Flowchart depicting two processes for optimizing an inverter power supply SFR transfer function model. The left panel describes initializing parameters, calculating error functions, Jacobian matrices, and adjusting parameters to output optimal values. The right panel outlines SFR block diagram modeling by exporting system parameters, checking convergence and iteration limits, and updating via error and Jacobian calculations. Both processes loop through decision points like convergence and error reduction.]FIGURE 5 | Parameters identification flowchart for inverter-based source SFR model.Firstly, initial estimates of the parameters in the SFR transfer function model are assigned. These values are substituted into Equation 13 through Equation 17 to compute the predicted dynamic performance indices. Based on the measured peak time, peak value, overshoot, and rise time obtained from the disturbance response curves, the initial value of the objective error function is calculated using Equation 18. The Jacobian matrix is then employed to evaluate the error gradient, and the parameters are updated according to Equation 22 to obtain a new estimate denoted γk+1.
Then, the updated parameter set γk+1 is re-substituted into the objective function. If the new parameter set γk+1 results in a reduced objective function value, the update is accepted and the damping factor is decreased. Otherwise, the update is rejected and the damping factor is increased.
Finally, the algorithm checks whether the maximum number of iterations has been reached or whether the convergence criteria are satisfied. If either condition is met, the iterative process is terminated. Otherwise, the above steps are repeated. Through this iterative procedure, the optimal values of the inverter SFR transfer function parameters a0, a1, a2, b0, b1, and b2 can be effectively identified.
Since the procedure for estimating the optimal parameters of the inverter SFR block diagram model mirrors that of the transfer function model, it is not reiterated here for conciseness.
4 APPLICATIONS OF THE INVERTER SFR MODEL
Due to the inherent relationship described in Section 3.1, two important properties can be derived. First, when the operating point changes, the model can be automatically updated without complex recalculations. Second, when an operating-point shift causes insufficient damping, the damping ratio derived from the transfer function allows direct online adjustment through parameter tuning. The following sections, 4.1 and 4.2, respectively elaborate on these two properties in detail.
4.1 Online updating strategy of the SFR model
Subject to source–load power fluctuations, the operating point may shift, and the SFR model of the inverter identified at the original operating point may no longer be valid under the new operating condition. To ensure frequency stability, this paper proposes an online updating strategy that adopts the system critical inertia (Yang et al., 2024) as the triggering criterion. When the actual system inertia falls below the critical inertia threshold, it indicates a potential inability to maintain frequency stability. In such cases, the online updating strategy is activated to correct the model parameters.
Firstly, the inverter system parameters obtained using the method presented in Section 2 are extracted. Then, based on the PMU measurements of the inverter’s active power output Pnew and the load-side voltage Unew under the current operating condition, the steady-state values of the system state variables id0, iq0, ud0, uq0 at the new operating point are computed according to Equation 25.
id0_newRL−iq0_newX=Unewiq0_newRL+id0_newX=01.5*ud0_newid0_new+uq0_newiq0_new=Pnew(25)
The steady-state values of the state variables and the control system parameters are substituted into Equation 20 to calculate the SFR model parameters under the current operating condition. This process updates the SFR model to match the new operating point. The complete procedure of the online updating strategy is shown in Figure 6.
[image: Flowchart describing a process for updating an SFR model. Steps: Obtain inverter parameters from Section 3; measure active power \( P_{\text{ref}} \) and voltage \( U_{\text{ref}} \); solve steady-state values via Eq. (25) for \( u_{d0} \), \( u_{q0} \), \( i_{d0} \), \( i_{q0} \); substitute parameters into Eq. (20) to compute \( a_2 \), \( a_1 \), \( a_0 \), \( b_2 \), \( b_1 \), \( b_0 \); update SFR model; end.]FIGURE 6 | Update flowchart for SFR model online updating.4.2 Enhancement strategy of online inertia and damping
This section proposes an online enhancement strategy for the inertia and damping of inverter-based source system. The baseline control parameters are designed to ensure frequency stability under small disturbances around the nominal operating point. However, when the operating point undergoes significant deviations, these baseline parameters may no longer be adequate. To ensure sufficient inertia and damping at the new operating point, this strategy adjusts the inverter control parameters in real time.
When the system’s inertia and damping fall below the minimum threshold required for secure and stable operation, an online parameter adjustment strategy is triggered. The triggering condition is defined as follows:
ΓJ<ΓJthresholdorΓD<ΓDthreshold(26)
Where ΓJ and ΓD represent the evaluated indices of inertia and damping, respectively. ΓJthreshold and ΓDthreshold denote the corresponding minimum threshold values for system stability.
Efficient enhancement of system inertia and damping hinges on appropriate selection of control parameters. To achieve this, sensitivity analysis is conducted to compare how different parameters influence inertia and damping. The parameter with the highest sensitivity is chosen for adjustment. Sensitivity is defined as shown in Equation 27.
γx=∂ΓJ∂xηx=∂ΓD∂x(27)
Where γx and ηx represent the sensitivities of the inertia and damping indices with respect to different control parameters, and x denotes the control parameter. The sensitivity values are obtained numerically, with a small perturbation magnitude defined as Δx%=Δx/x0.
Considering the discrepancy between the inertia and damping indices of the SFR model after parameter optimization and their target values, the objective function is formulated as follows:
minΓJ−ΓJopt+ΓD−ΓDopt(28)
Where ΓJopt and ΓDopt represent the target values of ΓJ and ΓD, respectively.
To realize the online enhancement strategy for inertia and damping, the analytically derived SFR model is utilized. The oscillation frequency and damping ratio of the system’s frequency oscillation mode are adopted as the inertia and damping indices, denoted as indicators ΓJ and ΓD, respectively.
ΓJ=β2πΓD=−αα2+β2(29)
Where p=α±jβ denotes the poles of the SFR model.
The workflow of the online inertia and damping enhancement strategy is illustrated in Figure 7. First, the current system inertia and damping indicators are calculated using Equation 29, and evaluated against the trigger condition defined in Equation 26. If either indicator falls below its respective threshold, the system enters the parameter optimization procedure. Subsequently, the sensitivities of the inertia and damping indicators with respect to all control parameters are computed. The control parameter with the largest absolute sensitivity is selected as the optimization variable, and its adjustment direction is determined by the sign of the sensitivity. Finally, an objective function is constructed to minimize the deviation between the inertia and damping indicators of the SFR model and their target values. The optimal adjustment of the selected control parameter is then obtained using the Levenberg–Marquardt algorithm.
[image: Flowchart detailing a process for tuning control parameters. It begins with inputting SFR model parameters and computing transfer-function poles. System inertia and damping indices are calculated, followed by a decision on whether indices are below thresholds. If so, sensitivities are computed, and the control parameter with the highest sensitivity is selected for adjustment using the Levenberg-Marquardt algorithm. Adjustments are applied through online tuning. The flowchart proceeds stepwise, illustrating each computational and decision-making stage, ending the process.]FIGURE 7 | Flowchart for inertia and damping online improvement.5 SIMULATION ANALYSIS
This section presents validation and analysis to assess the accuracy of the proposed inverter frequency response model, the feasibility of the parameter identification method, and the effectiveness of the model’s application.
5.1 Validation of the inverter SFR model
5.1.1 Accuracy of the inverter SFR model
A comparison is conducted between the SFR model of the inverter-based source proposed in this paper and the detailed model developed in MATLAB/Simulink. The Simulink model is constructed based on the system diagram and control structure illustrated in Figure 1, while the proposed model is built according to Equation 10 and the block diagram shown in Figure 4. Relevant system parameters are listed in Appendix C. To evaluate the model under various power disturbances, the following test scenario is considered: the load side experiences successive disturbances denoted as ΔPL1=+0.2 p.u. and ΔPL2=−0.1 p.u, and the results are shown in Figure 8.
To further verify the applicability and robustness of the proposed SFR model under varying operating conditions, simulations were conducted not only under the aforementioned active power step disturbance but also across multiple steady-state operating points. As the load level changes, the system’s steady-state operating point shifts accordingly, leading to variations in the dynamic characteristics of inverter-based power sources. To overcome the limitation of model validation at a single operating point and to enhance the overall adequacy and reliability of the assessment, identification and comparison tests were carried out at 100 distinct operating points.
For each operating point, the system’s frequency response data were extracted for parameter identification to establish the corresponding second-order SFR model. The output of the identified model was then compared with the electromagnetic transient simulation results at the same operating point. To analyze the differences between the two frequency response curves, the root mean square error (RMSE) was calculated, as shown in the following equation.
RMSE=1N∑i=1Nfi−f^i2(30)
where N represents the total number of sampling points, fi denotes the frequency value obtained from the SFR model at the i-th sampling point, and fi^ denotes the corresponding frequency value from the electromagnetic transient simulation.
The RMSE results for all operating points were then subjected to probabilistic statistical analysis, and the probability density distribution of the errors was plotted, as shown in Figure 9. Smaller RMSE values indicate that the SFR model output closely matches the electromagnetic transient simulation results, demonstrating high model accuracy across different operating points. The RMSE values approximately follow a normal distribution centered around 0.0034 Hz, with most samples distributed within the range of 0.002 Hz–0.005 Hz. This indicates that the model errors are small and mainly caused by random fluctuations rather than systematic bias.
[image: Two graphs depict frequency deviation over time for different power scenarios. The first graph shows a frequency deviation for a power change of plus 0.2 per unit, while the second is for minus 0.1 per unit. Both graphs compare a Detailed Model (blue line) and a Second-Order SFR Model (red line), with time in seconds on the x-axis and frequency deviation in hertz on the y-axis. The models closely overlap, indicating similar responses.]FIGURE 8 | Comparison of frequency response curves under active power disturbance. (a) ΔPL1=+0.2p.u. (b) ΔPL2=−0.1p.u.[image: Histogram showing the probability density of RMSE of frequency deviation in Hertz. The distribution is approximately normal, peaking around 0.003 Hertz with a range from 0.002 to 0.005 Hertz. Vertical axis represents probability density, while the horizontal axis shows RMSE values.]FIGURE 9 | Probability density distribution of RMSE values for 100 operating points.Overall, the established second-order SFR model accurately reproduces the system’s dynamic frequency response characteristics during both transient and settling periods, exhibiting good applicability and robustness under various operating conditions.
5.1.2 Validation of inverter SFR model order
A reduced second-order frequency response model is derived from the 12th-order full-order mathematical model of the inverter, as expressed in Equation 28.
If further model order reduction is considered by neglecting the PI control loop of the outer voltage controller, a first-order frequency response model (Model 2) can be obtained. Taking the detailed model as the reference, a comparison between the proposed second-order model (Model 1) and the first-order model (Model 2) is conducted. The simulation results are presented in Figure 10.
[image: Graph displaying frequency deviation in Hertz over time in seconds. It compares a detailed model, reduced-order Model 1, and reduced-order Model 2 using blue, green, and red lines, respectively. A magnified section shows detailed variations.]FIGURE 10 | Comparison of frequency response curves of different model orders.As shown in Figure 10, the proposed second-order model (Model 1) provides accurate representation of the frequency dynamics within the 0.1 s–1 s time range. Its performance closely matches the detailed model. The slight differences arise from the simplifications made during model reduction, where fast-scale components such as filter capacitor current and inner-loop current reference were neglected. These small deviations are acceptable for analyzing frequency dynamic characteristics. In contrast, although Model 2 further reduces the model order, its accuracy declines over time. From the beginning of the simulation, frequency deviation gradually accumulates. Around 0.15 s, the deviation increases significantly, leading to a failure in capturing the system’s frequency behavior. As a result, Model 2 becomes unsuitable for frequency dynamics analysis.
To further verify the dynamic accuracy of the proposed model, a third-order inverter SFR model was additionally established in Simulink for comparative analysis. Under the active power step disturbance of ΔPL2=−0.1p.u., the frequency response curves of the proposed second-order SFR model, the electromagnetic transient simulink, and the third-order SFR model were extracted and compared, as shown in Figure 11.
[image: Graph showing frequency deviation in hertz over time in seconds. Three models are compared: Detailed Model (blue line), Second-Order SFR Model (red line), and Three-Order SFR Model (black line). The curves exhibit periodic oscillations, with slight deviations between models.]FIGURE 11 | Comparison of different-order SFR and electromagnetic transient model responses.The results show that the third-order model and the proposed second-order SFR model are both highly consistent with the electromagnetic transient model, with their frequency response curves almost completely overlapping on the dynamic time scale. Although the proposed model retains only a second-order dynamic structure, it demonstrates excellent agreement with the electromagnetic transient simulation results in both response amplitude and timing, accurately capturing the dominant frequency dynamics of the inverter system.
Compared with the third-order model, the proposed second-order SFR model achieves nearly identical dynamic accuracy while requiring fewer parameters and reduced computational complexity. This indicates that the second-order model can effectively reproduce the essential dynamic characteristics of the system without sacrificing precision. Considering both model complexity and accuracy requirements, the proposed model attains an optimal balance between simplicity and fidelity.
In summary, this analysis confirms that the proposed second-order SFR model reaches the practical limit of model order reduction. It represents the lowest valid order capable of maintaining high accuracy while minimizing system complexity, effectively capturing the key frequency response behavior of inverter-based systems.
5.2 Validation of inverter SFR model parameter identification
5.2.1 Accuracy of the parameter identification method
Based on the parameter optimization approach presented in Section 3, the identification process was carried out following the flowchart shown in Figure 5. The resulting inverter SFR model coefficients are listed under the “Close Initial Guess” column in Table 1. The identification process took 0.2306 s, and convergence of optimization error is shown in Figure 12.
TABLE 1 | Identified results under different initial parameters.	Parameters	a0	a1	a2	b0	b1	b2
	Optimal solution	1736.7	8.90	1.1e-3	−1.74e7	−8.70e4	−1004.6
	Initial value close to optimal	1735.5	8.67	2.5e-4	−1.71e7	−9.10e4	−1000.1
	Initial value far from optimal	1735.3	8.50	9.6e-3	−1.71e7	−8.68e4	−998.64


[image: Plot showing a blue step graph with the y-axis labeled “gamma max (10^-5)” ranging from 0 to 10 and the x-axis labeled “Time (s)” from 0 to 1. The graph starts at 10 and rapidly decreases to 0 by 0.2 seconds, then remains constant.]FIGURE 12 | Error convergence in parameter identification process.To validate the identified model, the parameters obtained from the identification process were substituted into the proposed SFR model. A comparative analysis was then conducted between the model’s response and the electromagnetic transient simulation results. As shown in Figure 13, under the same active power step disturbance, the identified model’s response curve closely matches the observed signal from the electromagnetic transient simulation. The discrepancies in response time and overshoot are both less than 0.1%. These results demonstrate that the identified model exhibits high accuracy and effectively captures the actual frequency dynamics of the system.
[image: A graph showing frequency deviation in Hertz over time in seconds. The blue line represents the measured signal, and the red line shows the system response identification. The graph starts at zero frequency deviation, dips to negative 0.15, then oscillates before stabilizing around negative 0.1 within 0.2 seconds.]FIGURE 13 | Comparison of the electromagnetic transient simulation signal and the response of the identified SFR model.To investigate the impact of initial parameter values on the convergence performance of the identification method, this study compares the identified parameters obtained from initial values that are either close to or far from the optimal solution. Based on comparative experiments, the identification results are summarized in Table 1. Under both “near” and “far” initial settings, all parameters effectively converge to the vicinity of the optimal solution. The relative errors of the parameters range from 0.08% to 4.49%, with an average of approximately 1.9%, all within a narrow margin. These results indicate that the proposed method maintains high accuracy and stability even when the initial estimates deviate from the optimum, thereby demonstrating strong robustness.
Substituting both sets of identified parameters into the SFR model, responses under the same active power step disturbance were tested. As shown in Figure 14, identified model responses closely match observed signals. Errors in response time and overshoot remain below 0.1%. This confirms that the proposed identification method effectively approaches optimal parameters and ensures stable convergence even when initial estimates are far from true values.
[image: Graph showing frequency deviation in hertz over time in seconds. It includes a measured signal (blue line), system response identification 1 (red line), and system response identification 2 (green dashed line). The graph indicates initial deviation and stabilization over time.]FIGURE 14 | Comparison of response curves of identified models with initial values far from and close to true values.To further verify the applicability and robustness of the proposed method under different disturbance conditions, additional simulations were carried out. Taking an impulse disturbance as an example, when the system was subjected to a power impulse, the proposed LM-based identification method was applied to obtain a new set of parameters. These parameters were then substituted into the SFR model to evaluate its response under active power impulse conditions. The results were compared with the electromagnetic transient simulation, as shown in the figure.
As shown in Figure 15, the SFR model under impulse disturbance closely matches the electromagnetic transient simulation results. The main discrepancies appear around the first trough and the subsequent small overshoot, where slight amplitude and timing deviations are observed. Afterward, the two curves converge rapidly without any noticeable steady-state bias. Overall, the identified model effectively captures the main dynamic characteristics of the electromagnetic transient response, such as the rise, peak, and settling processes, demonstrating that the proposed model maintains good applicability and robustness under impulse disturbance conditions.
[image: Line graph showing frequency deviation in hertz over time in seconds, comparing electromagnetic transient simulation (blue line) and SFR model (red line). Both lines closely follow each other with oscillations, starting at zero and settling near zero.]FIGURE 15 | Comparison of frequency response curves under impulse disturbance.5.2.2 Cramér-Rao bound estimation
This section first derives the Cramér-Rao Lower Bound (CRLB) by computing the Fisher Information Matrix and applying the Cramér-Rao inequality. The CRLB represents the theoretical lower bound on the variance of any unbiased estimation method, serving as the minimum achievable variance for identified parameters. Subsequently, under multiple sets of measured response data, a series of identified parameter groups are obtained. Monte Carlo simulation is then employed to perform statistical analysis on all identified parameter sets, allowing the variance of each estimated parameter to be computed. Finally, the variances obtained from Monte Carlo simulations are compared with the CRLB to evaluate the estimation performance of the proposed identification method.
Following the aforementioned procedure, the identification performance of the method illustrated in Figure 5 was evaluated based on the inverter model. As shown in Figure 16, the estimated variances of the six parameters were only marginally higher than the CRLB, with average ratios between 1.23 and 1.6, thereby confirming the validity of the proposed identification method. Moreover, consistent results obtained with both near-optimal and substantially deviated initial estimates indicate that the method possesses robust convergence characteristics.
[image: Bar chart showing variance for parameters a0 to b2. Red circles represent data close to the optimal solution, blue circles indicate deviation, and magenta squares denote CRLB. Variances range from 0.05 to 0.11.]FIGURE 16 | Comparison of estimated variance and CRLB for each parameter.5.3 Application of the SFR model
5.3.1 Online update of the SFR model
In islanded inverter systems, sudden load increases or rapid power drops during sunset or cloud transients cause the photovoltaic inverter output to fall sharply. This leads to a frequency drop and a significant shift in the system operating point. Under such conditions, damping becomes weak, as represented by Operating Point 3 in Figure 2.
In this scenario, the inverter’s output active power pnew and the load-side voltage Unew are continuously monitored. Based on the online update strategy presented in Section 4.1, the system computes the steady-state values corresponding to the new operating condition and subsequently updates the SFR model. The updated parameters are summarized in Table 2. The total computation time required for the update is 0.2010 s.
TABLE 2 | Parameter values after updating the SFR model.	Parameters	a0	a1	a2	b0	b1	b2
	Parameter value(s)	193.0	1.18	1.1e-3	−1.93e6	−9.87e3	−1000.1


Figure 17 compares the response of the updated model with that of the electromagnetic transient model. The initial model shows a response time deviation over 60% and an overshoot deviation over 70% compared to the actual system. In contrast, the updated model closely matches the actual response, with all key performance index errors below 1%, remaining within acceptable limits. These results demonstrate a substantial difference between the models before and after updating. Without model updating, inaccurate frequency response predictions may mislead power system operators.
[image: Graph showing frequency changes over time for three models: the initial model (green line), transient model (red line), and updated model (blue dashed line). Frequency stabilizes around 49.96 Hertz over 0.4 seconds.]FIGURE 17 | Comparison of frequency response curves between updated model and electromagnetic transient model.Therefore, the online update strategy proposed in this section enables rapid adaptation of the inverter SFR model to reflect the current system frequency dynamics. It provides accurate support for on-site personnel to assess the real-time frequency stability status, thereby avoiding overly optimistic evaluations caused by outdated models.
5.3.2 Adjustment of control parameters
Under the operating condition corresponding to point 3 in Figure 2, the system exhibits excessively low damping, leading to significant frequency oscillations even under small disturbances.
Once the system damping ratio ΓD is detected to fall below the threshold of 0.2, the model parameter optimization strategy is initiated. Using the online inertia and damping enhancement approach presented in Section 4.2, the system inertia is set to a target value of Jopt=0.7 and the damping ratio to ΓDopt=0.7. This setup is used to verify the effectiveness of the optimized parameters in improving the system’s dynamic response and frequency stability.
In this scenario, the parameter adjustment strategy selects Kil as the control parameter due to its highest sensitivity. Its original value is 1, and the optimized result gives an updated value of 13. Figure 18 compares the system responses before and after the adjustment under the same step disturbance.
[image: Graph showing frequency over time in hertz, comparing an initial model (blue solid line) and an optimized model (red dashed line). Frequency stabilizes around 49.96 Hz after initial oscillations, reaching equilibrium at approximately 0.1 seconds.]FIGURE 18 | Comparison of frequency response curves between initial model and parameter-adjusted model.Figure 18 shows that prior to adjusting the control parameter, the system exhibited prolonged frequency oscillations under small disturbances. After the adjustment, the frequency stabilized within 0.06 s. The response time was reduced by 80.1% and the overshoot decreased by 19.8%. By increasing the damping ratio by 0.53 through parameter tuning, system oscillations were effectively suppressed and overall stability was improved.
6 CONCLUSION
This study investigates the frequency response modeling and application of inverter-based source for off-grid renewable energy systems. The research encompasses model derivation, parameter identification, online model updating, and control parameter adjustment. Based on theoretical analysis and simulation validation, the following conclusions are drawn:
	A second-order frequency response model of the inverter-based source was developed. Its effectiveness was validated through simulation comparisons with a detailed electromagnetic transient model. The proposed model achieves a desirable balance between accuracy and model order, providing sufficiently accurate representation of the system’s frequency dynamics while significantly reducing the model’s complexity.
	The dynamic performance indices of the inverter-based frequency response model were derived, and a parameter identification method based on the Levenberg-Marquardt optimization algorithm was proposed. The effectiveness of this method was validated by comparing the system’s observed response with the response of the identified model. All identified parameters closely approached the optimal solution, and the method demonstrated robust convergence even when the initial estimates deviated from the true values.
	For model application, this study develops two strategies: an online parameter updating mechanism that adapts to shifting operating points, and a parameter adjustment method that enhances system inertia and damping. Simulation results confirm that both approaches accurately update the SFR model and effectively improve damping performance. These capabilities help on-site operators gain reliable insight into real-time frequency stability, avoiding overly optimistic evaluations caused by outdated models. Additionally, the proposed strategy enables prompt enhancement of system damping under severe frequency oscillations, thereby contributing to improved system stability.

The proposed method was validated on a single inverter–single load system. In multi-inverter parallel systems, power sharing and control interactions are expected to have a stronger impact on frequency response. Accordingly, the method needs to be extended to incorporate inverter coupling and network impedance effects. With these refinements, its accuracy and generality in large-scale off-grid renewable energy systems can be further improved.
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