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Abstract—Accurate sharing of active and reactive powers in
AC microgrids is one of the challenging problems. Implemen-
tation of Artificial Intelligence (AI) techniques seems to be a
promising solution to enhance the control and operation of
microgrids. This paper presents a novel method of data-centric
AI-based decentralized frequency (f ) and voltage (V ) controller
while sharing the proportional active and reactive power among
the distributed generation (DG) units in the microgrids. In
the proposed decentralized controller a Multi-Output Regressor
based AI model is used for faster control action with accuracy.
Once the controller model is trained, validated and tested on the
microgrid data set for benchmark accuracy, it can be effectively
used in real-time operation. The effectiveness of the proposed
controller has been demonstrated on a Voltage Source Converter
(VSC) based microgrid and compared with the traditional droop
controller under various loading conditions.

Index Terms—Multi-Output Regressor, Artificial Intelligence,
inner current controller, outer voltage controller, AC microgrid

I. INTRODUCTION

Microgrid is a flexible and reliable network having a
group of interconnected loads and Distributed Generations
(DGs) of electricity. It can be operated in both, islanded
and grid-connected modes. Generally, the main source of
power supply in microgrids is renewable energy sources
(RES). However, large-scale RES in a system leads to various
operating challenges [1]. Various problems related to grid
integration of inverter-based resources (IBRs) including solar,
wind and battery energy resources have been proposed in [2]-
[3]. Frequency and voltage control of the microgrid having
large-scale integration of IBRs are very essential. In such
types of microgrid systems, the dynamics of voltage source
converter (VSC) study and tuning of gains of conventional
droop controllers are critical aspects in the real-time operation.

An overview of various technical control solutions at dif-
ferent levels of microgrid organization hierarchy has been
analysed in [4]. Advancement in power converter topology
and control strategies has led to better reliability, conversion
efficiency and grid resiliency [5]. As per current loading
conditions, droop-based control generates the reference fre-
quency and voltage for inverter operation. In the controller,
the outer voltage controller maintains the bus voltage while the
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inner current loop prevents the converter switches from over-
currents. Conventionally, proportional-integral (PI) controllers
are suited for this operation. Different classical controllers like
PI, PID, Lead, lag, etc compensators have been analysed in
[6]. A comparison of the performance of various controllers
like fuzzy logic proportional-integral (FPI) controller, PI con-
troller and the model predictive control (MPC) for frequency
regulation of isolated microgrid is given in [7]. In PI con-
trollers, frequent tuning of various gains is very challenging,
especially in new operating conditions. Also, too many PI
controllers possess a problem of lag in controller response [8].
A decentralised MPC scheme is employed in [9] for voltage
regulation at the point of common coupling in islanded DC
microgrids. The main drawback of MPC is that the optimal
control problem is to be solved online and under real-time
constraints. There are various hierarchical control methods
developed for the microgrids such as Primary, secondary and
tertiary controls. Their drawbacks and an extensive study on
the possibility of AI implementation in different control layers
are given in [10].

The authors in [11] had discussed the combination of
traditional methods and AI-based approaches as a promising
tool for microgrid control in response to stochastic system
dynamics and stability requirements. Also, it has been men-
tioned that explicit system models are not needed, and control
stability can be ensured.

From the above literature review, there are very few AI-
based controllers available for AC microgrids [13]. However,
the available AI-based controllers are lacking in efficient
design and faster operation. Further, the conventional PI-based
droop controllers demand the proper tuning of gain parameters
and constants for effective power sharing in microgrids which
is very complex. Therefore in this paper, a data-centric AI
(DCAI) method is proposed for designing a microgrid con-
troller with a faster and better response. The important features
of the proposed method are as follows: This controller design
is based on Multi-Output Regressor (MOR) analysis [12] in
which output is just the linear combination of weighted input
features.

• Design of data-centric AI-based decentralized controller
for frequency and voltage control of AC microgrid.

• Unlike the neural network [13] based controller, the
proposed controller is based on a multi-output regression979-8-3503-1997-2/23/$31.00 ©2023 IEEE
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method and it is used to achieve an accurate and faster
response.

• The proposed DCAI method shows robust performance in
comparison with conventional closed-loop PI controllers.

The remaining paper is organised as follows. In Section II,
modelling of the basic controller is given. The multi-output
regression method is described in Section III. Section IV
describes the simulation, results and its discussion for a given
test system and comparison with the neural network model.
Finally, the conclusion of the paper is given in Section V.

II. VSC CONTROLLER MODELING

The AC microgrid may consist of various IBRs and loads
connected through distribution lines. In AC microgrids Voltage
source converters (VSCs) are connected in parallel and their
controller consists of an outer voltage controller and an
inner current controller. In such arrangements, droop-based
references are provided which originate from the principle
of power balance in synchronous generators. The difference
between the input mechanical power and the output electric
power causes a change in the rotor speed and hence system
frequency. Similarly, variation in output reactive power results
in voltage magnitude deviation. Such a characteristic can be
artificially created for electronically interfaced inverter-based
AC microgrid [14]. In droop control, the relationships between
real power (P) and frequency (ω) and reactive power (Q) and
voltage (V) are as follows:

ωref = ωnominal −mp ∗ P (1)

vref = vnominal − nq ∗Q (2)

where mp and nq are droop constants.
The differential equation for the outer voltage controller is
derived from filter capacitor (Cf ) as:

Cf
∂vod
∂t

= ifd − iod + ωo ∗ Cf ∗ Voq (3)

Cf
∂voq
∂t

= ifq − ioq − ωo ∗ Cf ∗ Vod (4)

where vod , voq ,iod and ioq are output voltage and current in
dq frame.
Optimal gain and phase margin analysis can be used for
calculating the proportional and integral constants of outer
voltage controller i.e. Phase margin may be kept between 30o

and 70o.

Kpv = Cf ∗ ωgc (5)

Kiv = Kpv/τv (6)

where ωgc is gain cross-over frequency and τv is time constant
for outer voltage controller.
Similarly, mathematical model for the inner current controller
can be derived from RL branch dynamics as:

Lf
∂ifd
∂t

= Vfd − Vod + ωo ∗ Lf ∗ ifq −Rf ∗ ifd (7)

Lf
∂ifq
∂t

= Vfq − Voq − ωo ∗ Lf ∗ ifd −Rf ∗ ifq (8)

The proportional and integral constants of PI control in inner
current controller are chosen such that pole-zero cancellation
occurs to improve the stability. It can be described as-

Kic = R/τc (9)

Kpc = L/τc (10)

where τc is time constant for inner current controller.
The above PI constants Kp and Ki need to be finely tuned
for proper control operation. It is not required in AI-based
controllers, it can be directly deployed once the model, is
trained and validated with standard data.

III. MULTI-OUTPUT REGRESSION

A. Definition
Multi-output regression (MOR) consists of fitting one re-

gressor per target. The relationship between outputs and inputs
can be realised using input data and output data points. In this
paper, we are using the MOR with estimator Ridge: Linear
least squares with L2 regularization. This model solves a
regression model where the loss function is the linear least
squares function and regularization is given by the L2 norm
also known as Ridge Regression or Tikhonov regularization.
The regression equation in this machine-learning model can
be written as:

Y = WX + e (11)

Where Y and X is representing the dependent and independent
variables respectively. W is the regression coefficient to be
estimated and e represents the error residuals.

B. Cost function
The cost function used for ridge regression is :

min(||Yactual − wX||2 + λ||w||2) (12)

where λ is the penalty term. So, the penalty term can be
controlled by changing the values of λ. For higher values of
λ, the penalty will be high and therefore the magnitude of
coefficients is reduced. Advantages of using λ are:

• It shrinks the parameters. Therefore, it is used to prevent
multicollinearity.

• It reduces the model complexity by coefficient shrinkage
so as to prevent the model from over-fitting.

The mathematical equations derived after training the multi
output regressor model is given in (13) and (14) with coeffi-
cients of md and mq after training given in Table IV

md = w1Ifd + w2Ifq + w3Iod + w4Ioq

+w5Vod + w6Voq + w7W + b
(13)

mq = w1Ifd + w2Ifq + w3Iod + w4Ioq

+w5Vod + w6Voq + w7W + b
(14)

where md and mq are modulating signals and these signals
are input to abc/dqo converter as depicted in Fig. 2.

Authorized licensed use limited to: NATIONAL INSTITUTE OF TECHNOLOGY WARANGAL. Downloaded on November 26,2025 at 12:28:43 UTC from IEEE Xplore.  Restrictions apply. 



C. Steps in Multi-output-Regressor

1) Load the dataset into the pandas data frame object. The
dataset is generated from the model given in Fig.??

2) Normalize the data frame object.
3) Split the data into training and testing data.
4) Form the model using Multi-output Regressor with

Ridge as the estimator.
model = MultiOutputRegressor(
Ridge(randomstate = 123))
The randomstate hyperparameter is used to control any
such randomness involved in machine learning models
to get consistent results.

5) Fit the training data and predict the testing data.
model.fit(Xtrain, Ytrain)
model.predict(Xtest)

6) Model is evaluated based on model score and mean
squared error. Model score is given by:

Model score =

∑
(Ytest − Ypred)

2∑
(Ytest − Ytest,mean)2

Model score is a statistical measure of how well the regres-
sion predictions approximate the real data points.

IV. RESULTS AND DISCUSSION

A. Test System

The test system consists of an AC microgrid with two
VSCs feeding multiple loads. The reference frequency and
voltage are generated by droop control while the outer-voltage
controller maintains the bus voltage and the inner current
loop prevents the converter from over-currents. The design
of voltage and the current controller is based on dynamics
equations in dq reference frame as given in (3),(4),(7) and (8)

Fig. 1. Block diagram of AC microgrid.

The block diagram of the AC microgrid is given in Fig.
1. Similar to the traditional PI controller, a VSC with MOR
based controller is shown in Fig. 2. The VSC parameters with
LCR filter are given in Table I. The LCR filter values are
calculated as mentioned in [15]. As the sampling frequency
is 50 KHz, the switching frequency is kept at 1 KHz so that
50 data points are generated in one switching cycle. For the
result comparison PI controller parameters Kp and Ki can be

Fig. 2. VSC with Multi-Output Regressor controller

calculated using eq (5), (6),(9) and (10) and given in Table-
II.

TABLE I
MODEL PARAMETERS

VSC parameters

fsw = 1 KHz Vdc = 700 V Ts = 20 µsec Rf = 0.1 Ω

Lf = 3.5 mH Cf = 50µF τc = 63.66 µsec τv = 480.56 µsec

mp = 0.00005 nq = 0.003 ωgc = 1/sqrt(τc ∗ τv) = 5717.33 rad/sec

Transmission and load parameters

Transmission Line Lc = 0.35 mH Rc = 0.15 Ω

Load1 = load2 P = 1000 watt Q = 200 VAR

Load3 P = 3000 watt Q = 200 VAR

Load4 P = 2000 watt Q = 200 VAR

Ts: sampling time ( 50 data points in one switching cycle)

TABLE II
CONTROLLER PARAMETERS

Outer voltage
controller

Kpv = 0.2859 Kiv = 594.8499

Inner current
controller

Kpc = 54.9779 Kic = 1570.8

B. Simulation Results

load1 and load2 (P = 1000 watt, Q = 200 VAR) are
connected throughout simulation run. Additional, three phase
load , load3 with P = 3000 watt, Q = 200 VAR is connected
to bus2 at time t = 1 sec and disconnected at t = 3 sec.
Similarly, load4 with P= 2000 watt, Q= 200 VAR is connected
to bus2 at time t = 2 sec and disconnected at t = 3 sec.
Various waveforms for above loading conditions with same
droop slope mp and nq are given below.

• There is no large dip in voltage when different loads are
connected and controller is able to maintain the output
voltage of VSC around 220 V (rms) as shown in Fig.3.
The three phase output voltage is pure sinusoidal in nature
as depicted in Fig.4. The change in loading has negligible
effect on output voltage.
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Fig. 3. Voltage at output terminals of VSCs.

Fig. 4. Voltage at output terminals of VSCs (zoom-in time-axis).

• The current at output terminals of V SC1 and V SC2 is
depicted in Fig. 5 and Fig. 6. The effect of additional
load3 and load4 at time t = 1 sec and t = 2 sec
respectively and disconnection of both load3 and load4 at
time t = 3 sec is illustrated with the current waveforms
as shown in in Fig. 5 and Fig. 6.

Fig. 5. Current at output terminals of VSC1.

Fig. 6. Current at output terminals of VSC2 .

• The P-f and Q-v waveforms are illustrated in Fig. 7
and Fig. 8. Equal active power sharing is ensured due
to frequency being a global phenomenon while reactive
power sharing is proportional in nature due to voltage
being a local phenomenon.

Fig. 7. Power-Frequency waveforms under different loading conditions.

Fig. 8. Reactive power and Voltage waveforms under different loading
conditions.

• Comparison with the neural network: Comparison of
active power with the Multi-Output regressor model and
neural network model with the same loading conditions
is shown in Fig. 9. Large transients can be seen in the
neural network model initially as depicted in Fig. 10.

Fig. 9. Active power waveforms for Multi-Output regressor model and neural
network model under different loading conditions.
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Fig. 10. Active power waveforms neural network model under different
loading conditions (zoomed in along y axis).

Similarly, a comparison of reactive power with proposed
model and neural network model with the same loading
conditions is shown in Fig. 11. Proportional reactive
power sharing is observed in MOR model while large
deviation in reactive power sharing is observed in neural
network based model.

Fig. 11. Reactive power waveforms for the proposed model and neural
network model under different loading conditions.

• For modelling the controller based on MOR, the steps
given in section III-C are followed. The dataset is nor-
malised and illustrated by histogram in Fig. 12. Dif-
ferent spikes in the graph represent changes in loading
conditions (addition of loads at different time stamps).
Therefore data points corresponding to that change are
shown by spikes in the histogram.
The neural network model consists of three layers with
16 neurons, 8 neurons and 2 output neurons respectively.
The neural network is also trained on the same normalised
dataset.
The data is split in the ratio of 90% training data and
10% testing data as given in Table III. Both the models
are trained on training data and validated on test data and
comparison is done based on model score.

Fig. 12. Histogram of normalised data set

TABLE III
TRAINING AND TEST DATA

rows columns

Xtrain 720751 7

Ytrain 720751 2

Xtest 78751 7

Ytest 78751 2

The mean squared error and model score for model
evaluation is given in Table IV. A model score of 1
indicates that the regression predictions perfectly fit the
data. The coefficients of md and mq for MOR model are
given in Table V

TABLE IV
MODEL EVALUATION

Mean squared error Model score

Multi Output Regres-
sor model

7.0264*10−5 0.99719

Neural network
model

0.2045 -2.862

C. Discussion

The model score of 0.99719 and Mean squared error of
7.0264 ∗ 10−5 signifies that the model is fitting the test
data well. Therefore the predictions of our proposed model
(Ypredictions) are identical to the output values (Ytest) of PI
based VSC controller. Unlike PI controllers, the proposed
MOR based VSC controller has faster response as there are
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TABLE V
COEFFICIENTS OF md AND mq FOR MORMODEL

md coefficients mq coefficients

w1 −4.9734 0.1071

w2 −0.0292 −1.5551

w3 4.3729 −0.0056

w4 0.0657 0.7013

w5 −0.4480 0.0827

w6 −0.0231 −0.1612

w7 0.1477 −0.0039

b 0.8491 0.9409

no inner and outer control loops. It can be used for any real
time application in microgrids. The Ypredictions and Ytest have
been taken from random samples of the test data analysis for
comparison of the responses of the test system with output
of the PI controller (Ytest) and predicted output from Multi-
Output Regressor (Ypredictions) and predicted output from
neural network model. The values of modulating signals md

and mq obtained using these different control strategies are
given in Table-VI.

TABLE VI
COMPARISON OF MODULATING SIGNALS OBTAINED WITH MULTI OUTPUT
REGRESSOR MODEL (MOR ), NEURAL NETWORK MODEL AND PI MODEL

BASED CONTROLLERS

Ytest Ypredictions Ypredictions

(PI controller) (MOR model) (NN model)

S no. md mq md mq md mq

1 0.1490 0.5377 0.1542 0.5383 0.1299 0.5910

2 0.3252 0.8131 0.3281 0.8176 0.0448 0.3874

3 0.3623 0.5772 0.3559 0.5791 0.1748 0.6911

4 0.0939 0.4165 0.0929 0.4204 0.2266 0.8640

5 0.6145 0.5243 0.6169 0.5158 0.1451 0.6578

6 0.4248 0.4698 0.4272 0.4647 0.1580 0.7102

7 0.2766 0.4878 0.3022 0.4959 0.1291 0.5690

8 0.5179 0.5941 0.5111 0.5946 0.1007 0.5378

9 0.3812 0.4457 0.3862 0.4388 0.2076 0.7981

10 0.4344 0.4418 0.4490 0.4499 0.2110 0.8102

V. CONCLUSION

In this paper, a novel AI control strategy based on the
Multi-output-Regressor model has been proposed for the DG
connected through VSC in an AC microgrid. First, data
preprocessing has been done to obtain a reliable data set for
the training of the AI controller and further, it is deployed in
a microgrid test system having two VSC for validation. The
simulation results were compared with the conventional PI
and neural network model-based droop controller. The model
evaluation metrics signify that the MOR model has fitted

well with data and the mean squared error is very less i.e.
7.0264 ∗ 10−5. Hence, the proposed model can be used to
replace the conventional PI-based Inner current controller and
outer voltage controller to achieve a faster control operation
without tuning any controller parameters. Also, a neural net-
work is computationally expensive with a lot of parameters to
be learned while in the proposed MOR model, the coefficients
to learn are small.

The future scope lies in testing it for different microgrid
architectures and its implementation in hardware systems.
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