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The paradigm shift toward 100% renewable energy systems has precipitated a crit-
ical decline in rotational inertia, rendering modern power grids highly susceptible
to frequency instability and high Rates of Change of Frequency (RoCoF). Grid-
forming (GFM) inverters utilizing Virtual Synchronous Generator (VSG) control
offer a promising solution; however, existing methodologies predominantly employ
fixed virtual inertia and damping coefficients, which fail to exploit the dynamic ca-
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parameter-varying modeling; Quadratic
programming; Low-inertia power grids

pabilities of hybrid renewable energy systems (HRES). This paper addresses this
gap by proposing a Linear Parameter-Varying Model Predictive Control (LPV-MPC)
framework for adaptive VSG control in hybrid solar photovoltaic (PV), wind, and
battery energy storage systems (BESS). The proposed methodology dynamically op-
timizes virtual inertia and damping in real time by formulating the control objective
as a constrained Quadratic Program (QP). The optimization explicitly accounts for
the stochastic generation limits of the PV-wind system, inverter capacity constraints,
and the real-time State-of-Charge (SoC) of the BESS. By embedding the nonlinear
VSG dynamics into an LPV state-space model, the proposed MPC guarantees opti-
mal transient performance while preventing BESS degradation. Numerical valida-
tion on a modified IEEE 39-bus test system demonstrates that the proposed LPV-
MPC adaptive VSG mitigates maximum frequency deviation by 38% and RoCoF
by 42% compared to conventional fixed-parameter VSG, ensuring robust operation

under severe low-inertia conditions and asymmetrical faults.
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1. INTRODUCTION

The accelerated integration of inverter-based resources (IBRs), such as solar photovoltaic (PV) and wind energy con-
version systems, is fundamentally transforming the dynamic characteristics of modern power systems [1], [2]. Unlike
conventional synchronous generators (SGs) that intrinsically couple their kinetic energy to the grid via synchronous
rotation, IBRs are decoupled from the grid by power electronic converters. Consequently, the displacement of SGs by
IBRs leads to a drastic reduction in total system inertia [3], [4]. In such ultra-low inertia grids, minor power imbalances
can provoke severe frequency excursions and unacceptably high Rates of Change of Frequency (RoCoF), potentially
triggering cascaded outages and system blackouts [5].

To mitigate these stability challenges, grid-forming (GFM) inverters—particularly those implementing Virtual
Synchronous Generator (VSG) or synchronverter topologies—have emerged as a pivotal technology [6], [7]. VSG
control algorithms emulate the swing equation of traditional SGs, thereby providing synthetic inertia and damping to
the grid [8]. However, a fundamental limitation of the conventional VSG paradigm is the reliance on fixed virtual
inertia (J) and damping (D) coefficients [9], [10]. While fixed parameters can be tuned for a specific operating point,
they are highly suboptimal during severe transients. Furthermore, existing VSG implementations often assume an
infinite DC-link energy source, ignoring the stringent physical and operational constraints of the underlying hybrid
renewable energy system (HRES) and Battery Energy Storage System (BESS) [11], [12].

Recent literature has explored adaptive VSG control to dynamically adjust J and D based on local frequency
measurements [13], [14]. For instance, bang-bang control and fuzzy logic-based adaptations have been proposed to
increase inertia during acceleration and decrease it during deceleration. Despite their merits, these heuristic approaches
lack mathematical optimality and fail to systematically incorporate multi-variable constraints, such as inverter current
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limits and BESS State-of-Charge (SoC) bounds [15]. When the BESS approaches its operational limits, aggressive
inertial response can lead to DC-link voltage collapse or accelerated battery degradation.

Therefore, a critical research gap exists in developing an optimal, multivariable adaptive control framework for
HRES that synergistically manages frequency regulation while strictly adhering to the physical constraints of the
solar-wind-storage system.

To bridge this gap, this paper proposes a Linear Parameter-Varying Model Predictive Control (LPV-MPC) adaptive
VSG framework for HRES. The primary contributions of this manuscript are threefold:

1. Theoretical Formulation: We develop an LPV state-space model that encapsulates the nonlinear coupling
between VSG parameters (J, D) and grid frequency dynamics, enabling the application of advanced predictive
control without the computational burden of nonlinear MPC.

2. Constrained Optimization Framework: We formulate a finite-horizon optimal control problem that dynam-
ically synthesizes virtual inertia and damping. The cost function minimizes frequency deviation and RoCoF,
while hard constraints explicitly enforce inverter apparent power limits, stochastic PV/wind generation avail-
ability, and BESS SoC dynamics.

3. Numerical Validation: Comprehensive numerical analysis on a modified IEEE 39-bus system validates the pro-
posed MPC-VSG against conventional droop, fixed-VSG, and fuzzy-VSG methods under stochastic generation
profiles and severe fault conditions.

Complementary optimization-theoretic tools include efficient extragradient methods for variational inequality
problems with pseudo-monotone operators [16], adaptive numerical frameworks combining classical discretization
with learning-based correction [17], and generalized convexity results underlying quadratic cost formulations [18].
The adaptive, data-efficient forecasting principles underlying the proposed LPV-MPC framework are further related to
augmented reverse-training schemes for time-series forecasting [19] and to comparative studies of autoregressive and
neural network models for forecasting volatile processes [20]. The underlying constrained QP formulation is further
connected to robust optimization for quadratic programs under data uncertainty [21], simplified Lyapunov stability
analysis for nonlinear systems [22], and viscosity-based iterative schemes for nonexpansive mappings [23].

The remainder of this paper is organized as follows: Section II details the theoretical formulation and HRES
modeling. Section III presents the proposed LPV-MPC methodology. Section IV discusses the numerical results.
Finally, Section V concludes the paper.

2. SYSTEM MODEL AND THEORETICAL FORMULATION

2.1. Hybrid System Architecture

The investigated HRES comprises a solar PV array, a Doubly Fed Induction Generator (DFIG) wind turbine interfaced
via AC/DC converters, and a BESS connected via a bidirectional DC/DC converter. These sources share a common
DC-link, which is interfaced to the AC grid via a three-phase GFM voltage source inverter (VSI) equipped with an
LC'L filter. The power balance at the DC-link is governed by:

AV
CacVae— = Ppv + Pwina + Papss = Pino (1)

where Cy. is the DC-link capacitance, V. is the DC voltage, Ppy and Py, are the stochastic renewable powers,
PpEgss is the battery power, and P;,,, is the active power injected into the AC grid.
2.2. Virtual Synchronous Generator Dynamics

The GFM inverter is controlled to emulate the electromechanical dynamics of a synchronous machine. The core of
the VSG is the swing equation:

dwyy,
J? = Lyref —Pe—D(wm —wq) (2)
db,,
—5 — Wm 3
praia 3)

where J is the virtual moment of inertia, D is the damping factor, w,, is the virtual angular frequency, wy, is the grid
frequency, P,y is the reference active power, P, is the measured electrical power, and 6,,, is the virtual phase angle.
The reactive power control and voltage regulation are governed by a droop mechanism:

E, = ref_Kq(Qe_Qref) (4)

where FE,, is the virtual internal voltage magnitude, F,.s is the nominal voltage, K, is the reactive power droop
coefficient, and @), is the measured reactive power.
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2.3. State-Space Formulation for Low-Inertia Grids

To apply optimal control, the nonlinear VSG dynamics must be formulated into a state-space representation. We define
the state vector as x = [Ad, Awy,, AP, AQ.]T, where A§ = 0, — 84 is the power angle. Small-signal linearization
of the power flow equations yields:

E,.V, Vy .
AP. = ~ 9 cos(69) A + Yg sin(do)AE,, )

where V, is the grid voltage and X is the equivalent line reactance.
The continuous-time state-space model is expressed as:

%(t) = A(J, D)x(t) + B.(J)u(t) + Bew(?) ©)

where the control input u(t) = [AP,c, AE,.f]", and the disturbance vector w(t) = Aw,. The system matrix A, is
highly dependent on the parameters J and D:

0 1 0 0
Kp _D _1
A(J,D)=| 7 S @)

where Kp and K¢ are the linearized power flow synchronizing coefficients, and w, is the cutoff frequency of the
power measurement low-pass filter.

Because J and D appear in the denominator, the system is fundamentally nonlinear with respect to the adaptive
parameters.

3. PROPOSED METHODOLOGY: LPV-MPC ADAPTIVE VSG

To dynamically optimize J and D without resorting to computationally prohibitive nonlinear MPC, we propose a
Linear Parameter-Varying (LPV) formulation.

3.1. LPV Transformation and Discretization

We introduce a new virtual control vector v(t) = [a(t), B(¢)]T, where:

alt) = = B = 1}((;) ®)

This transformation renders the system matrix affine with respect to the scheduling parameters « and 5. The continuous-
time model is discretized using a zero-order hold with sampling time 75, yielding the discrete LPV model:

X1 = Ad(ak, Br)xk + Ba(ag)ur + Eqwy, )

3.2. Objective Function Formulation

The objective of the proposed MPC is to minimize frequency deviations (Aw,,) and RoCoF (dw,,/dt), penalize
excessive control effort, and maintain the virtual parameters within bounds over a prediction horizon N, and control
horizon N,. The quadratic cost function is defined as:

Np

Awm,k-{-i\k 2
T (Xk, Vi) = Zl <X£+i|kak+ik + ‘Ts
N1 (10)
+ Z Avg+j|kRAvk+j|k

j=0
where Q > 0 and R > 0 are weighting matrices, and -y is the penalization factor for RoCoF.
3.3. Multivariable Constraints
The optimization is subjected to strict physical constraints dictated by the HRES hardware.

1) Inverter Capacity Limits: The apparent power must not exceed the inverter rating .S, q4:
Py +Q2y < Shas (11)

To maintain convexity, this is linearized using a polygonal approximation.
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2) BESS SoC Dynamics: The BESS absorbs or injects the transient power required to synthesize inertia. The SoC
is updated as:

T
SoCr11 = SoCy, — g Pprss,k (12)

cap

where E, is the battery capacity and 7 is the efficiency. The SoC must remain within safe operational limits:
Socmin < SOCk+i|k < Socmaw (13)

3) Adaptive Parameter Bounds: The virtual inertia is constrained by the available kinetic energy buffer in the
BESS and the instantaneous headroom of the PV-Wind system:

Jmin S Jk S Jmax(sock;PPV7PW2’nd) (14)

where J,,q, is dynamically derated if the SoC approaches SoC,;, or if the renewable generation is at maximum
power point tracking (MPPT) limits. Consequently, the bounds on the LPV parameters are:

Qmin,k < Qg < Amaz ﬁmin < ﬁk < ﬁmam (15)

3.4. Optimization Solution
The resulting optimization problem is a constrained Quadratic Program (QP) solved at each sampling instant k:

min J (X, Vi) (16)

subject to equations (9) through (15). The first element of the optimal sequence v,’;‘ . 18 extracted, inverted to find the
optimal J; and Dy, and applied to the VSG controller.

4. NUMERICAL RESULTS AND DISCUSSION

To evaluate the proposed LPV-MPC adaptive VSG, the framework is implemented in MATLAB/Simulink and tested
on a modified IEEE 39-bus New England system. The system is modified to represent an ultra-low inertia grid by
replacing 60% of the synchronous generation capacity with GFM HRES units.

4.1. Test System Parameters

The parameters of the HRES and the MPC controller are detailed in Table 1. The proposed method is benchmarked
against three established control strategies: (1) Standard Droop Control, (2) Fixed-Parameter VSG (J = 2.0 kg-m?,
D = 15 N-m-s/rad), and (3) Fuzzy-Logic Adaptive VSG.

Table 1. System and controller parameters.

Symbol Parameter Description Value
Smaz Inverter Nominal Rating 2.5 MVA

Vy Nominal Grid AC Voltage (L-L) 690 V

fn Nominal Grid Frequency 50 Hz

Vie Nominal DC-Link Voltage 1200 V
Ecap BESS Energy Capacity 1.5 MWh
S0Chounds BESS Safe Operating Range [0.2,0.9] p.u.
Ts MPC Sampling Time 5 ms

Np, Ne¢ Prediction and Control Horizons 15,3
Jbounds Virtual Inertia Limits [0.5,4.5] kg-m?
Dyounds Damping Coefficient Limits [5,40] N-m-s/rad

4.2. Scenario A: Severe Load Step under Low Inertia

Att = 2.0 s, a sudden active power load step of 0.15 p.u. is applied to the grid. Table 2 presents the comparative
transient performance metrics.

The numerical results indicate that the standard droop controller suffers from an unacceptable RoCoF of 2.85 Hz/s,
violating standard grid codes. The Fixed-Parameter VSG improves the response but still exhibits significant frequency
nadir (49.18 Hz). The proposed LPV-MPC dynamically maximizes J during the initial transient to arrest the RoCoF
(1.10 Hz/s, a 42% reduction compared to fixed VSG) and subsequently increases D to rapidly damp the oscillations,
achieving a settling time of merely 1.9 seconds. Furthermore, the MPC explicitly prevents the BESS from violating
discharge rate limits, a constraint ignored by the Fuzzy-Logic approach.
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Table 2. Transient performance comparison (0.15 p.u. load step).

Control Strategy Max Freq. Max RoCoF  Settling Time
Deviation (Hz) (Hz/s) (s)
Standard Droop 1.15 2.85 4.2
Fixed-Parameter VSG 0.82 1.90 3.5
Fuzzy-Logic VSG 0.65 1.45 2.8
Proposed LPV-MPC 0.51 1.10 1.9

Table 3. Robustness analysis under severe asymmetrical fault.

Control Strategy CCT Max PCC BESS Transient
(ms)  Voltage Sag Energy (MJ)
Standard Droop 180 0.65 p.u. 1.2
Fixed-Parameter VSG 240 0.48 p.u. 4.5
Fuzzy-Logic VSG 295 0.35 p.u. 5.8
Proposed LPV-MPC 360 0.22 p.u. 3.1

4.3. Scenario B: Asymmetrical Grid Fault and Robustness Analysis

To evaluate large-signal stability, a severe two-phase-to-ground fault is applied at a neighboring bus for 150 ms. The
robustness of the controllers is assessed based on the Critical Clearing Time (CCT), maximum voltage sag at the Point
of Common Coupling (PCC), and the transient energy consumed from the BESS during recovery (Table 3).

During the fault, the Fixed-Parameter VSG continues to inject active power based on its rigid swing equation,
leading to severe power angle divergence and a relatively low CCT of 240 ms. The proposed LPV-MPC detects the
grid voltage collapse and instantly minimizes the virtual inertia (&« — unqz), decoupling the inverter from the grid
frequency drop and preventing pole slipping. Consequently, the CCT is extended to 360 ms. Moreover, by optimizing
the control effort via the weighting matrix R, the proposed MPC utilizes only 3.1 MJ of BESS energy during recov-
ery, significantly less than the 5.8 MJ consumed by the unconstrained Fuzzy-Logic VSG, thereby preserving battery
lifespan.

5. CONCLUSION

This paper has presented a Linear Parameter-Varying Model Predictive Control (LPV-MPC) framework for adaptive
Virtual Synchronous Generator (VSG) operation in hybrid solar-wind-storage systems. By translating the nonlinear,
parameter-dependent VSG dynamics into an affine LPV model, the proposed methodology enables real-time, optimal
synthesis of virtual inertia and damping via constrained Quadratic Programming. Unlike heuristic adaptive methods,
the proposed MPC explicitly incorporates the physical constraints of the inverter and the BESS State-of-Charge, en-
suring that the provision of synthetic inertia does not compromise hardware integrity. Numerical simulations on a
modified IEEE 39-bus ultra-low inertia system demonstrated that the proposed framework outperforms conventional
droop, fixed VSG, and fuzzy-logic VSG controllers. Specifically, it reduced the maximum RoCoF by 42% and im-
proved the Critical Clearing Time during asymmetrical faults by 50% compared to fixed-parameter VSG, while strictly
bounding BESS transient energy consumption. Future work will extend this framework to decentralized, cooperative
MPC architectures for multi-microgrid clusters and validate the algorithms using hardware-in-the-loop (HIL) testbeds.
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