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Abstract—TVirtual Synchronous Machines (VSMs) emulate the inertial and damping behavior of conventional
synchronous generators in inverter-based power systems. Conventional VSM implementations use fixed values of
inertia constant (J) and damping coefficient (D), which lead to sub-optimal performance under dynamic grid
conditions. This paper proposes an intelligent adaptive tuning framework for J and D using Deep Reinforcement
Learning (DRL), employing Proximal Policy Optimization (PPO) and Soft Actor-Critic (SAC) algorithms, validated
via a MATLAB/Simulink—Python co-simulation environment. Simulation results across five disturbance scenarios
demonstrate that the SAC-based controller achieves up to 48.6% reduction in maximum frequency deviation, 41.2%
improvement in settling time, and 46.8% reduction in ROCOF compared to fixed-parameter VSM. The complete
MATLAB and Python implementation details and simulation graphs are presented, confirming the viability for next-
generation grid-forming inverter control.

Index Terms—Virtual Synchronous Machine, Deep Reinforcement Learning, PPO, SAC, Adaptive Control, Inertia
Emulation, Frequency Regulation, MATLAB/Simulink, Python, Grid-Forming Inverter.

I. INTRODUCTION

The rapid integration of renewable energy sources into modern power grids has significantly reduced physical rotating
inertia from synchronous generators. This decline poses serious challenges to frequency stability [1]. Virtual
Synchronous Machine (VSM) technology restores synthetic inertia by emulating the classical swing equation in
inverter-based generation [2].

Existing VSMs use fixed virtual inertia J and damping D values, tuned offline for nominal conditions. Under transient
events, fixed parameters yield sub-optimal dynamic performance. This paper addresses this gap using Deep
Reinforcement Learning (DRL) with PPO [3] and SAC [4] algorithms, implemented in a MATLAB/Simulink—Python
co-simulation environment.

II. VSM MATHEMATICAL MODEL
The VSM swing equation is:
Jdw/dt = Pm — Pe — D«(0w — wref) ...(1)

The active power output is controlled through the virtual rotor angle §, where the inverter reference current is
synthesized from the VSM internal EMF. The complete state-space model for the grid-connected VSM is:

do/dt = w — ws; dE/dt = (Evef — |V| + kq-(Qref—Q)) /1q ...(2)
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III. MATLAB/SIMULINK MODEL

A. Simulink Architecture

The MATLAB/Simulink model implements the VSM as a discrete-time control system with sample time Ts = 10 us
for the inner current loop and 10 ms for the DRL interface. The testbed consists of:

* 1 MW Grid-Connected Inverter with VSM control block
* LC Filter: L=1.5 mH, C=20 pF, Rf=0.1 Q

* Distribution line: R=0.2 Q, L=2 mH per phase

*  Variable load block for disturbance injection

* TCP/IP Send-Receive blocks for Python interface

B. MATLAB VSM Implementation
Key MATLAB/Simulink code for the VSM swing equation block (MATLAB Function):

% VSM Swing Equation - MATLAB Function Block
function [omega, delta] = vsm_swing(Pm, Pe, J, D, omega_ref, dt)
persistent omega_prev delta prev;
if isempty(omega_prev)
omega prev = omega ref; delta prev = 0;
end
% Swing equation (Euler integration)
d omega = (Pm - Pe - D¥*(omega prev - omega_ref)) / J;
omega = omega_prev +d_omega * dt;
delta = delta_prev + (omega - omega_ref) * dt;
omega prev = omega; delta prev = delta;
end

C. TCP/IP Interface (MATLAB Side)

% MATLAB TCP Server Setup

t = tepserver('0.0.0.0', 5005, 'Timeout', 30);

% Send state vector to Python DRL agent

state = [delta_omega; rocof; delta P;J curr; D curr];
write(t, typecast(single(state), 'uint8'));

% Receive action [dJ, dD] from agent

raw = read(t, 8, 'uint8');

action = double(typecast(raw, 'single'));

J new = clip(J_curr + action(1), 0.5, 8.0);

D _new = clip(D_curr + action(2), 2.0, 30.0);

IV. PYTHON DRL IMPLEMENTATION

A. Custom Gym Environment

A custom OpenAl Gymnasium environment wraps the MATLAB/Simulink co-simulation interface for DRL training:

# VSM Custom Gym Environment
import gymnasium as gym
import numpy as np, socket, struct

class VSMEnv(gym.Env):
def init  (self):
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self.obs_space = gym.spaces.Box(

low=np.array([-5,-2,-1,0.5,2]),

high=np.array([5, 2, 1, 8.0,30]), dtype=np.float32)
self.act_space = gym.spaces.Box(

low=-0.5, high=0.5, shape=(2,), dtype=np.float32)
self.sock = socket.socket()
self.sock.connect(('localhost', 5005))

def step(self, action):
# Send action to MATLAB
self.sock.send(struct.pack('2f', *action))
# Receive new state
raw = self.sock.recv(20)
state = np.array(struct.unpack('5f, raw))
delta_omega = state[0]
reward = -abs(delta_omega) - 0.01*np.sum(np.abs(action))
done = abs(delta_omega) > 2.0
return state, reward, done, False, {}

B. PPO and SAC Training

from stable baselines3 import PPO, SAC
from stable baselines3.common.callbacks import EvalCallback

env = VSMEnv()

# Train PPO agent

ppo_model = PPO('MIpPolicy', env,
learning_rate=3e-4, n_steps=2048,
batch_size=64, n_epochs=10,
clip range=0.2, ent_coef=0.01,
policy kwargs=dict(net arch=[256,256,128]),
verbose=1)

ppo_model.learn(total timesteps=500_000)

ppo_model.save('vsm_ppo_agent')

# Train SAC agent

sac_model = SAC('"MIpPolicy', env,
learning_rate=3e-4, buffer size=int(1e6),
batch_size=256, tau=0.005,
train_freq=1, gradient steps=1,
policy kwargs=dict(net arch=[256,256,128]),
verbose=1)

sac_model.learn(total timesteps=300 000)

sac_model.save('vsm_sac_agent')
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V. CO-SIMULATION ARCHITECTURE

MATLAB-Python Co-Simulation Architecture
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Fig. 6: MATLAB/Simulink—Python Co-Simulation Architecture for DRL-based Adaptive VSM Tuning

VI. SIMULATION RESULTS

A. Frequency Deviation Response

A 15% step load disturbance was applied at t=2 s. Fig. 1 shows the frequency deviation for Fixed VSM, PPO, and
SAC controllers. The SAC agent achieves the smallest nadir (49.62 Hz vs 49.26 Hz for fixed) and fastest recovery.

Fig. 1: Frequency Deviation Response — Fixed vs PPO vs SAC (15% Load Step)

antion Af (Hz)

— ——y

w— Fixed VSM (|=2 D=10)
- PPO AdRpUYS VSM
- SAC Adaptove VEM

Proquency Dey

T T T T T T T
o 1 2 1 ) 3 ] 4 n

Time (s)

Fig. 1: Frequency Deviation — Fixed VSM vs PPO vs SAC (15% Load Step at t=2s)

B. ROCOF Comparison

Fig. 2 compares the Rate of Change of Frequency. Both DRL controllers maintain ROCOF within the £0.5 Hz/s grid
code limit, while fixed VSM violates this threshold during the initial transient.

Fig. 2: Rate of Change of Frequency (ROCOF) Comparison
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Fig. 2: ROCOF Response with Grid Code Limit (0.5 Hz/s) Reference

C. Adaptive J and D Trajectories

Fig. 3 shows the real-time J and D parameter evolution for the SAC agent. The agent autonomously boosts J at
disturbance onset to limit ROCOF, then increases D during recovery to suppress oscillations—a physically intuitive
yet data-driven strategy.
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Fig. 3: Adaptive J(t) and D(t) Trajectories — SAC Agent (15% Load Step)

D. DRL Training Convergence

Fig. 4 shows episode reward curves for both agents. SAC converges in ~180k timesteps (38 min) versus PPO's ~400k
(42 min), confirming SAC's superior sample efficiency for this continuous control task.

Fig. 4: DRL Training Convergence — PPO vs SAC
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Fig. 4: DRL Training Convergence Curves — PPO vs SAC
E. Frequency Metrics Table (15% Load Step)

. Fixed
Metric VSM PPO SAC
Max Af (Hz) 0.74 0.43 0.38
Freq.  Nadir
(Hz) 49.26 49.57 49.62
Settling Time |, ¢ 312|285
(s)
ROCOF
.62 . .
(Hals) 0.6 0.38 0.33
Overshoot
12.4 6.2 4.8
(%)

TABLE I: Frequency Response Metrics — 15% Load Step
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FE Multi-Scenario Performance

Fig. 5: Maximum Frequency Deviation Across All Disturbance Sceparios
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Fig. 5: Max Frequency Deviation Across All Disturbance Scenarios

Scenario Fixed ' Lo Af | SAC AT

Af
+10% Load 0.51Hz |031Hz |0.27 Hz

+15% Load 0.74Hz | 0.43Hz | 0.38 Hz
+20% Load 098 Hz | 0.57Hz | 0.49 Hz
+25% Load 1.24Hz | 0.72Hz | 0.64 Hz
Gen. Trip 0.3s | 1.36 Hz | 0.82 Hz | 0.71 Hz
Average 0.97Hz | 0.57Hz | 0.50 Hz

TABLE II: Max Af Across Five Disturbance Scenarios

G. Overall Improvement Summary

Performance Index PPO ‘ SAC

Max Af Reduction 41.9% 48.6%
Settling Time Reduction | 35.7% 41.2%
ROCOF Reduction 38.7% 46.8%
Overshoot Reduction 50.0% 61.3%
Training Time 42 min | 38 min

TABLE III: Performance Improvement vs. Fixed-Parameter VSM

VII. DISCUSSION

The simulation results confirm that DRL-based adaptive tuning delivers consistent and significant improvements
across all tested scenarios. SAC outperforms PPO in all metrics, attributed to its off-policy sample efficiency and
maximum-entropy framework which prevents premature convergence.

The adaptive J-D trajectories in Fig. 3 reveal an important emergent behaviour: the SAC agent independently
discovers a control strategy analogous to expert-designed two-stage adaptive inertia schemes—without any domain-
specific rules encoded. The TCP/IP interface latency of 1.8 ms per timestep is negligible relative to the 10 ms control
period, confirming real-time deployment feasibility.

VIII. CONCLUSION

This paper presented a complete DRL framework for real-time adaptive VSM parameter tuning using
MATLAB/Simulink—Python co-simulation. PPO and SAC agents were trained and validated across five disturbance
scenarios. The SAC controller achieved up to 48.6% reduction in maximum frequency deviation, 41.2% improvement
in settling time, and 46.8% ROCOF reduction versus fixed-parameter VSM, while maintaining ROCOF within grid
code limits in all scenarios.
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Future work will address multi-converter microgrid environments, transfer learning for rapid topology adaptation, and
Hardware-in-the-Loop (HIL) experimental validation using a real-time digital simulator (RTDS/Opal-RT).
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