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Abstract  Decarbonizing the energy sector requires 
integrating intermittent renewable energy sources. Such 
intermittency increases dependence on costly and environmentally 
detrimental power reserves provided by fast conventional 
generators. To maintain grid balance while keeping the energy 
cheap and decarbonized, grid operators must leverage flexible 
assets and make swift decisions. This paper introduces a novel deep 
learning-based controller to manage power reserves from an 
energy storage system. A deep neural network, trained on real-
world data simulated through a physics-based tool, predicts power 
reserves to address rapid fluctuations. In supplementary to 
frequency droop controller, the intelligent controller regulates the 
frequency based on measured or forecasted power inputs. By 
combining predictive intelligence with real-time fast 
responsiveness, the proposed framework effectively manages the 
supply and demand fluctuations, enhancing grid stability while 
supporting decarbonization and cost efficiency. The framework is 
validated on an islanded microgrid through an innovative real-time 
structure using OPAL-RT and SPHEREA simulators.  

Keywords  Grid balancing, Renewable energy sources, Energy 
storage, Deep learning, Real-time simulators. 

I. INTRODUCTION 

Over the years, traditional bulk power grids characterized by 
large conventional predictable and easily operated generators, as 
well as predictable demand, employ automated processes in 
control rooms to operate ahead of real-time. These processes are 
based on the swing equation, which models the power exchange 
between the mechanical rotor of synchronous generators and 
electrical grid. Therefore, explicit description of the physics-
based mathematical functions and sensitive identification of 
parameters is unavoidable [1].  

The COP28 World Climate Action Summit emphasized the 
importance of decarbonizing energy sources of bulk power grids 
to help limit the mean global temperature rise to 1.5ºC [2]. This 
decarbonization effort has led to a growing penetration of 
intermittent renewable energy sources (RES) at the distribution 
level, reflecting the distributed and intermittent nature of their 
resource availability. Additionally, decarbonization has also 
impacted the demand side, which now features greater variability 
and unpredictability due to the growing adoption of electric 
vehicles and battery systems. These new highly uncertain 
technologies integrated on both sides of the grid are inverter-
interfaced technologies that 
heightens the susceptibility to power imbalances and fast 
frequency drops [3]. As power grids become further complex and 
non-linear systems to operate, their dynamics are pushed closer 
to their operational limits, and their system parameters are not 
always accessible. Consequently, traditional model-based control 
schemes 

stochastic behaviour, as they rely on accurate system 
representation and parameter identification [4].  

To address these challenges, it is essential to implement 
flexible system operations that enhance traditional physics-
based approaches through continuous adaptive decision-
making, to maintain grid balance at minimum economic and 
environmental costs. This requires leveraging model-free 
control approaches to enable efficient decisions, minimizing 
dependence on complex and hard-to-tune models.  

As the world witnesses faster and easier access to data 
collected via smart metering devices along with increased 
computational capabilities, the adoption of machine learning 
(ML) methods in power grids is rapidly gaining momentum [5]. 
For active power balancing in microgrids, ML has emerged as a 
valuable tool for identifying system models, tuning controller 
parameters, generating supplementary control signals, or even 
replacing traditional model-based controllers entirely. Among 
ML approaches, reinforcement learning (RL) has been 
extensively applied due to its ability to learn through trial and 
error. This characteristic enables RL to handle the nonlinear, 
high-dimensional, and complex nature of microgrid control 
systems without requiring extensive offline datasets. For 
instance, [6] demonstrated the use of RL to replace model-based 
controllers, effectively reducing frequency deviations cause by 
wind power fluctuations, while other studies have explored its 
application in generating supplementary control signals for 
secondary frequency control [7, 8, 9]. However, RL faces several 
significant challenges such as scalability, as it is prone to the 
curse of dimensionality and increased complexity in exploration 
and training. Stability is another concern, with RL algorithms 
often exhibiting instability due to excessive exploration during 
learning. Additionally, issues related to the environment, 
security, and generalization further complicate the deployment of 
RL for microgrid control [10]. Moreover, RL can be challenging 
to implement and computationally expensive, particularly in real-
time applications. 

In contrast, supervised learning provides a more 
computationally efficient and stable alternative in certain 
scenarios. It has been extensively applied for fine-tuning 
frequency controller parameters [11]. Recent studies have 
explored the use of artificial neural networks (ANN) to fine-tune 
the inertia of a voltage source converter, enhancing frequency 
stability [12]. Authors in [13] developed an ANN-based 
controller to emulate the dynamics of a virtual synchronous 
generator to control the frequency. Most of these methods 
overlook the underlying causes of imbalances and rely solely on 
frequency measurements to balance the grid.

This work has been achieved within the framework of EE4.0 (Energie 
Electrique 4.0) project. EE4.0 is co-financed by European Union with the 
financial support of the European Regional Development Fund (ERDF), French 
State and the French Region of Hauts-de-France. 



This paper overcomes the limitations of our previous work [14, 
15] by introducing a deep learning-based controller designed to
manage uncertainties in power production and demand within a
microgrid. The proposed controller operates under realistic
conditions, optimize operating costs and reducing CO2

emissions. More specifically, a deep neural network (DNN)-
based controller is developed and trained to predict power
reserves at 5-minute intervals with 1-minute resolution.
Leveraging power measurements or forecasts, it dynamically
substitutes fuel-based power reserves with energy storage-based
reserves, ensuring sustainable and efficient microgrid operation.
The main contributions of this paper are as follows:

Development of a real-time DNN-based control approach
leveraging measured or very short-term forecasted power,
instead of frequency measurements.
Local integration of the intelligent controller alongside
frequency droop control to achieve active power balancing
in an islanded microgrid, enhancing system stability and
performance.
Quantitative evaluation of economic and environmental cost
savings, achieved by efficiently managing power reserves
from an energy storage system.
Validation of the proposed control framework through an
innovative setup using OPAL-RT and SPHEREA code
execution hardware platforms.

The remainder of this paper is structured as follows. Section 
II presents a comprehensive overview of the proposed 
methodology. Section III details the case study employed for data 
collection and framework validation. Section IV describes the 
development and implementation of the proposed control 
framework. Section V focuses on the methodology for
photovoltaic and load power forecasting. In Section VI, the 
performance assessment metrics for evaluating the proposed 
control framework are defined. Section VII provides an analysis
and discussion of . Section VIII validates the 
outcomes through the real-time structure. Finally, Section IX
concludes the paper with key insights and an outlook on future 
work.

II. OVERVIEW OF THE PROPOSED METHODOLOGY

Building trustworthy ML models involves addressing 
challenges in dataset creation and pre-processing, model training, 
assessment, and embedding, which can be tackled by integrating 
solutions into a comprehensive workflow [16].

Our general overview of the proposed methodology is 
described in Fig. 1Fig. 1. The proposed methodology follows a 
comprehensive workflow for developing and validating a DNN-
based control solution for grid balancing. It begins with offline 
simulation, where a physics-based domain simulation of an
islanded microgrid is conducted to generate a representative 
dataset (see Section III). This dataset undergoes sampling and 
pre-processing to ensure it is suitable for DNN model training
(see Section IV.B). The next stage focuses on the design of the 
algorithm, involving hyper-parameter tuning, best model 
selection, and performance assessment to develop a robust 
control solution (see Sections IV.C and IV.D). In the online phase
(see Section IV.A), the trained DNN model is implemented, in 
supplementary to the frequency droop control, for active power 
balancing. While the frequency droop control ensures frequency 
containment reserves (FCR), the DNN-based controller provides 
supplementary fast power reserves (secondary control). The 
DNN-based controller makes predictions of the supplementary
minute-by-minute power reserves every 5 minutes, based on 
measured or forecasted power data (see Section V). Finally, the 

methodology is rigorously validated using real-time simulators,
to evaluate the effectiveness and reliability of the proposed 
control framework (see Section VIII).

III. CASE STUDY: AN ISLANDED MICROGRID

The case study section is structured in two parts. The first part
describes the microgrid configuration under study, while the
second part specifies the data used for simulation. 

A. Microgrid architecture

A simulation model of an islanded microgrid was developed
on MATLAB/Simulink. The purpose of the simulation model is 
to 1) provide a database for the training phase and 2) test the 
proposed control strategy. The architecture of the microgrid is 
illustrated in Fig. 2Fig. 2. It consists of three layers: the physical, 
information, and control layers. The physical layer includes a 125 
kW 3-phase Diesel Generator (DG), a 50 kW/kWh Li-ion Battery 
Energy Storage System (BESS), a 42.5 kW Photovoltaic (PV) 
system, and a group of residential loads with a peak electrical 
power of 85 kW. The information layer comprises smart meters 
that monitor and transmit data on PV generation, DG, and 
residential load power to the energy management system of the 
BESS. The control layer incorporates droop controllers to deliver 
FCR using both the DG and the BESS. Additionally, this layer 
features the proposed intelligent controller responsible for 
sending control signals to the BESS to ensure the provision of 
fast power reserves.

B. PV and load power data

The simulation is performed by using 186 days of historical
PV and residential load data. The dataset is uniformly resampled 
to a consistent time resolution of one minute, with missing 
measurements addressed through polynomial interpolation. The
PV power production data originates from a PV system installed 

Fig. 1. General overview of the proposed methodology



in northern France. This system experiences significant power 
fluctuations caused by fast-moving clouds. For the residential 
electrical load, the simulation incorporates the demand profile 
derived from [17]. Fig. 3Fig. 3 illustrates the PV and load profile 
on a random day. 

IV. PROPOSED CONTROL FRAMEWORK

A. Brief overview of the proposed control framework

The proposed control framework (see Fig. 2Fig. 2) integrates
a DNN-based controller supplementary to physics-based 
controllers to ensure active power balancing within the 
microgrid. Instantaneous FCR are provided by both the BESS 
and DG units through their frequency droop controllers
(physics-based). These controllers, based on measured 
frequency deviation and the same droop coefficient,
instantaneously direct the allocation of power reserves
and from the DG and BESS units, respectively. The
DNN-based controller utilizes as inputs minutely power 
measurements of PV, DG and load ( , , and
with minutes), from 5 minutes prior the time 
of prediction m. Performance testing has also been conducted 
using short-term forecasted PV and load power values instead of 

the measurements. Our DNN-based controller forecasts, at the 
minute m, the next 5 power reference values for the BESS,
providing minute-by-minute predictions for the subsequent 5-
minute interval. These forecasts are updated every 5 minutes,
enabling dynamic scheduling of fast power reserves in the short 
term. Integrated into the energy management system of the 
BESS, the DNN-based controller anticipates fluctuations in PV 
and load power, substituting DG power reserves with BESS
power reserves as needed. By offering a more reliable and 
flexible energy reserve, the controller enhances microgrid 
stability, reduces CO2 emissions and operational costs.

B. Data creation, sampling and pre-processing

Supervised learning algorithms, such as deep learning,
depend on datasets derived from either measurements or 
simulations. Simulation-based data generation provides the 
flexibility to create extensive datasets but is constrained by 
computational demands, particularly in non-linear systems or 
high-dimensional feature spaces [18]. As dimensionality 
increases, the sample size required for comprehensive coverage 
grows exponentially. To address this, targeted input selection 
can reduce the need for exhaustive sampling by focusing on 
outputs of interest.

In this study, the training process for the DNN leverages a 
simulation-based dataset comprising input and target values. 
The dataset is generated by simulating the same microgrid with 
fluctuating load and PV power inputs, deliberately excluding the 
BESS. This exclusion allows the DNN to learn the DG control 
policy in response to variations in load and PV power. The 
simulation spans 186 representative days with a 1-minute
timestep to capture rapid fluctuations throughout the day and 
across different seasons.
The DNN within the BESS control system is designed to 

transient responses sampled every minute, using input
features f including PV power , load power , and DGFig. 3. PV and load demand profile on a random cloudy day

Fig. 2. The physical, information, and control layers of the microgrid



power . These inputs enable the DNN to model the droop 
varying conditions effectively.

Fig. 4Fig. 4 depicts the correlation between the input 
features.
The diesel generator power shows a strong correlation (red 

closer to 1) with highlighting its key role in balancing
demand when is insufficient. In contrast, exhibits
weaker correlations (blue closer to 0) with both and 
because PV generation occurs only during daylight hours and is
zero outside this period. However, both and

demonstrate strong temporal correlations within their
respective time series, reflecting smooth and predictable very
short-term trends (see Section V).

Prior to training, the dataset undergoes pre-processing. A
70/30 training-testing split is applied with a fixed random seed to 
ensure consistent conditions across models. Validation data,
constituting 20% of training data, is crucial for assessing 
generalization and selecting optimal models. Pre-processing 
steps include standardizing input and target data, formatting to 
seven decimal places for precision, and handling the absence of 
values in the simulation-generated dataset.

C. Hyper-parameter tuning and DNN model selection

Overfitting occurs when a model performs well on training
data but poorly on unseen data. To mitigate this, we monitor the 
validation error during training. Techniques include early 
stopping, where training halts if validation performance stops 
improving, and regularization (e.g., L1 or L2 penalties) to 
constrain model complexity and improve generalization. 
Additionally, hyperparameter tuning adjusting parameters like 
model size, optimizer settings, or regularization strength
further enhances performance. Since hyperparameters affect 
model generalization in complex ways, they are typically

optimized by using methods such as random search, grid search, 
Bayesian optimization, etc. [19].

Unlike grid search, which evaluates all possible 
combinations, random search explores a subset of configurations.
Random search often leads to better results in less time, 
especially for high-dimensional parameter spaces. 

In this study, we have chosen random search to explore the 
hyperparameter space by randomly sampling different 
combinations, evaluating up to 50 trials where each trial 
represents a unique set of hyperparameters (see Table ITable I).
During each trial, the model is trained on the training dataset and 
validated on a subset, with performance measured by the 
validation loss after each epoch. The best hyperparameters are 
retrieved based on the lowest validation loss across all trials. The 
best model architecture (see Table IITable II) is rebuilt using the 
best hyperparameters.

D. DNN model training and performance assessment

Once the best model architecture is determined, the training
process weights and biases to 
minimize the loss function, thereby enhancing its predictive 
accuracy. The training process uses the Adam optimizer, which 
adapts the learning rates for each parameter, enhancing 
convergence. Additionally, the learning rate is dynamically 
reduced by 10% after 10 epochs to refine adjustments during 
later stages of training. Training is capped at 100 epochs but
early stopping halts the process if the validation loss does not 
improve for 5 consecutive epochs, preventing overfitting. The 
resulting weights and biases represent the final learned 
parameters, which the model uses to make predictions. The 
mean squared error MSE is favoured for its ability to heavily 
penalize large errors, making the model more sensitive to 
significant deviations. The performance of the training and 

Table I HYPER-PARAMETER OPTIONS

Hyper-parameter Options
Number of layers [3, 6] step size: 1
Nodes per layer [16, 192] step size: 16

Activation function Linear, ReLU, leaky ReLU, tanh,
sigmoid

Leaky ReLU [0.01,0.3] step size: 0.1
Dropout rate [0.2, 0.5] step size: 0.1
Learning rate logarithmic sample

Table II BEST DNN MODEL ARCHITECTURE

Layer Type Number of Parameters
Dense ReLU 3,072

Batch normalization 768
Dropout 0.4 rate 0

Dense leaky ReLU 18,528
Dense leaky ReLU 9,312
Dense leaky ReLU 9,312

Dense linear 485

Fig. 4. Correlation study between input features
Fig. 5. Residual distribution of predicted output for test samples



validation processes is assessed by using MSE, as defined in 
(1(1):

(1)

where and denote the actual and predicted values,
respectively, across the total number of samples .
After 14 epochs, the training error reaches 0.0009, while the 
validation error stands at 0.001. A histogram of the test residuals, 
defined as of the test samples, is illustrated in Fig. 5Fig.

5. The residual distributions for each output (with 
) are tightly clustered around 0, suggesting the 

model performs well on unseen test data. Most residuals are 
slightly positive, suggesting a tendency to underestimate actual 
values, while the range of residuals spans from 0.05 to 0.15 per 

unit. The residuals of earlier outputs, such as and are 
more tightly distributed than later outputs, highlighting 
increased variability in predictions over the prediction horizon.
Overall, the residuals for the total test samples confirm the 

outliers.
Fig. 6Fig. 6 highlights the impact of each input feature on the 

outputs through the average connection strength, calculated as 
the average magnitude of weights associated with each input 
feature across all connections. The most recent and delayed load 
power inputs, and  , exhibit the highest connection 
strengths, while demonstrates the weakest connection 
among the load features. This pattern is attributed to the volatile
nature of the load demand. Even though PV generation has an 
important impact on the outputs during daylight hours, the PV 
power inputs show the lowest average connection strength, 
reflecting their minimal influence on the outputs, due to the
absence of PV power generation outside daylight hours. 
Consequently, the DG power, which is more influenced by load 
power than PV power (see Fig. 4Fig. 4), displays moderate 
impact on the outputs. Fig. 7Fig. 7 further supports this analysis 
by displaying the dot product of the connection weights between 
each input and output feature. The colour intensity highlights the 
relative importance of each input, where warmer colours
(yellow) indicate stronger weights. It is evident that and 

contribute significantly to the predictions and .

V. LOAD AND PV FORECASTING

Load and PV forecasting is essential for anticipating future 
energy demands and supply over various time horizons, with 
very short-term forecasting (VSTF) focusing on predictions 
ranging from 1 minute to 1 hour ahead. VSTF is crucial for real-
time decision-making, addressing very short-term random 
variations in supply and demand to maintain balance and 
minimize operational costs.

In this study, very-short term forecasting is performed at the 
time m to provide minute-by-minute forecasts for the subsequent
5 minutes. The forecasting error is evaluated using the mean 
absolute error MAE, given by (2(2):

(2)

A. Very short-term load forecasting

Residential loads are the most challenging to forecast due to
their volatility and non-linearity driven by human behaviour,
making load VSTF especially difficult. Various methods like 
Time-Series analysis [20], Long-Short Term Memory [21],
Polynomial Regression [22], and other hybrid combinations of
methods [23] have been widely employed for VSTF of load 
demand. In this study, Polynomial Ridge Regression is chosen
for its simplicity and computational efficiency. It generates

minute-by-minute load predictions for the next 5 minutes 
(with ), by leveraging historical data from the 
previous 5 minutes, specifically  .

Polynomial Ridge Regression is a type of regression
technique that combines polynomial feature transformation with 
L2 regularization (Ridge) to prevent overfitting. By adding a 
penalty term to the cost function, Ridge regression helps 

ensuring its
robustness to small fluctuations in the training data compared to 
standard polynomial regression. The model captures complex 
relationships in data by using polynomial features described in 
(3(3) for each value of k:

Fig. 6. Bar chart of the average connection strength of each input feature

the outputs
Fig. 7. Dot product of weights for all layers connecting each input feature to 



(3)

where is the intercept term, and are the coefficients
corresponding to the d-th degree terms in the polynomial of 
degree D. The hyperparameter D will be next optimized.

The dataset is partitioned as follows: 70% for training 
(including 10% for validation) and 30 % for testing. A grid search 
is conducted to identify the optimal hyperparameters for a 
Polynomial Ridge Regression model. This process involves 
performing 5-fold cross-validation for each hyperparameter 
combination, calculating the average negative MSE across all 
folds. The hyperparameters yielding the lowest average negative 
MSE are selected as the optimal configuration, minimizing the 
Polynomial Ridge Regression objective function as
described in (4(4) and (5(5):

(4)

where

(5)

The analysis identifies a polynomial degree of 3 and a ridge 
regularization strength of 0.01 as the optimal parameters. The 
values of and are determined by the regression process
itself. The resulting model achieves a MAE of 2% on unseen 
data. Fig. 8Fig. 8 showcases the actual versus predicted load 
demand on a random day.

B. Very short-term Photovoltaic forecasting

Very short-term solar forecasting, also known as intra-hour
solar forecasting, refers to the prediction of PV power generation 
within the same hour, typically at higher time resolutions such 
as every 5, 10, or 15 minutes. Several methods have been 
developed for this task, including time-series models like 
ARIMA, statistical and machine learning models, and advanced 
image-based techniques. Recent advances leverage satellite and 
sky images with convolutional neural networks (CNNs) and 
long short-term memory networks. Combining ground-based 
sky imagery with historical PV outputs in specialized CNN 
architectures has shown promise, particularly for handling 
complex cloud movements and short prediction horizons [24].

This study builds upon the PV forecasting approach 
presented in [25], with a key modification reducing the 
forecasting horizon from 15 minutes to 5 minutes. The proposed 
hybrid model combines image-based and temporal features 
using a CNN architecture and fully connected layers. It 
processes a sequence of images from a 360-degree fisheye 
camera, concatenated along the colour channel, combined with
the measured PV power from 5 minutes prior , which is 
integrated mid-network.

The hybrid model, illustrated in Fig. 10Fig. 10 predicts PV 

power output for the upcoming 5 minutes by leveraging 
spatial features from image sequences and numerical PV power 
data. The input consists of 5 image sequences, each with 
dimensions 64 64 pixels with 3 color channels RGB (Red-
Green-Blue), passed through two convolutional layers with 24 
and 48 filters, respectively. Each convolutional layer is followed 
by batch normalization, ReLU activation, and max pooling. The 
extracted spatial features are then flattened and concatenated 
with . This fused feature representation is processed 
through two fully connected layers, each containing 1024 

Fig. 8. Actual versus predicted load power on a random day

Fig. 10. Hybrid CNN model with PV power log to predict PV power 

Fig. 9. Actual versus predicted PV power on a cloudy and sunny day



neurons with ReLU activation. The model concludes with a 

linear regression layer to predict PV power outputs The 
architecture incorporates strong regularization techniques, such 
as dropout and batch normalization, to enhance generalization 
and effectively predict short-term PV power variations. The 
hybrid model achieves a 2.12% MAE on previously unseen 
sunny days and a 7.78% MAE on previously unseen cloudy 
days. Fig. 9Fig. 9 showcases the actual versus predicted PV 
power on a cloudy and sunny day.

VI. PERFORMANCE EVALUATION METRICS

The performance of the proposed control strategy is 
evaluated over a period T of 5 minutes, through three interrelated 
metrics: technical, environmental, and economic. The technical 
performance is assessed by analysing frequency stability using 
the Integral of Frequency Deviation (IFD). The environmental 
impact is quantified by calculating the total mass of CO2

emissions generated during the operation of the DG. Finally, the 
economic aspect is evaluated by determining the costs incurred 
from fuel consumption by the DG and the associated taxes on 
emissions. This integrated evaluation framework ensures a 
holistic assessment of the control strategy, addressing reliability, 
sustainability, and cost-efficiency.

A. Integral of frequency deviation

The IFD is a robust and intuitive metric for analysing
frequency stability in power grids with a high share of RES. The 
IFD metric, defined in (6(6), evaluates the cumulative 
magnitude of the deviation from the nominal frequency
(50 Hz in this case) over the specified period .

(6)

B. Environmental costs

The operating CO2 emissions within the microgrid depend
denoted as [L/kWh] and can 

be formulated as a quadratic function of the DG power . The 
coefficients of this function are determined through curve fitting 
of the fuel consumption chart [26] (see Table IIITable III), as 
described in (7(7):

(7)

Given that a DG releases 2.68 kg of CO2 per Liter of fuel 
consumed [27], the total emitted mass [kg] of CO2 can be
represented by (8(8). This equation is as a function of DG power 
evolution, accounting for the engine delay with a specified 
value of 0.03 seconds [28].

(8)

C. Economic costs

The total operating costs can be formulated by
incorporating both the cost of consumed diesel and the tax 
associated with the mass of CO2 emitted, as depicted in (9(9).

2

[3].

(9)

VII. RESULTS AND DISCUSSION

In this section, the proposed control framework is evaluated 
using an islanded microgrid model developed in 
MATLAB/Simulink (see Fig. 2Fig. 2). The primary objective is 
to assess the framework's performance under conditions closely 
resembling real-world operating conditions, characterized by 
continuous fluctuations in PV and load power. The evaluation 
compares the framework, which integrates the DNN-based 
controller with the BESS and the DG frequency droop 
controllers, across two scenarios (see Fig. 11Fig. 11): one using 
historically measured power inputs of Section V (red curve
control scenario 1) and the other using forecasted power inputs 
(green curve control scenario 2). The analysis also includes 
comparisons with a scenario involving only the DG and BESS 
droop controllers (blue curve control scenario 3) and another 
scenario relying solely on the DG droop controller (yellow curve

control scenario 4).
The simulation is carried out over a 10-minute duration.

During the initial five minutes, the DNN-based controller does 
not generate BESS reference power, as historical power 
measurements are required to initialize its algorithm. These 
measurements are not available at the start of the simulation and 
are instead collected during the first 5 minutes. Therefore, the 
results presented in Fig. 11Fig. 11 focus on the period from 4.5
to 10 minutes only, highlighting the performance of the 
proposed control framework starting minute 5.

During the initial 5 minutes, only the DG droop controller 
(yellow curve) responds to the frequency deviation f of 0.21 

Table III FUEL CONSUMPTION CHART FOR THE SPECIFIED DG

DG Power [kW] Fuel Consumption [L/h]
50% load 21.90
75% load 30.30

100% load 37.80

Fig. 11. Microgrid frequency, BESS and DG active power under four control 
scenarios, for continuously fluctuating PV and load power



Hz by supplying FCR. In contrast, the red, green, and blue 
curves state the contribution of both the BESS and DG droop 
controllers to the frequency regulation according to their 
respective power capacities and droop coefficients. As expected,
the microgrid frequency regulation is more effective when the 
BESS provides an additional 2 kW of FCR, thereby improving 
overall system stability. This contribution not only enhances 
frequency control but also reduces operational costs and 
emissions by displacing DG-based reserves.

After 5 minutes (m = 5), the DNN-based controller generates 
five predicted BESS reference values for both the red and 
green curves. These predictions will increase the 
provision of supplementary fast power reserves from the BESS,
mitigating and replacing the reserves provided by the DG. The
VSTF exhibit a total error of 6% on both PV and load power for 
this test, which affects the accuracy
when relying on forecasted power inputs. The DNN-based 
controller utilizing measured inputs (red curve) outperforms the
one using forecasted inputs (green curve). Specifically, the 
control framework in the red curve most effectively maintains 
the microgrid frequency closest to 50 Hz, while further 
minimizing DG power consumption.

Table IVTable IV presents the performance evaluation 
metrics for each scenario over the 5-minute period. The DNN-
based controller with measured inputs (control scenario 1) 
achieves the lowest values for the , and metrics.
Conversely, scenario 4, which only uses the DG droop 
controller, exhibits the highest values for these metrics. Scenario 
1 reduces the IFD metric by 0.18, 0.87, and 1.04 Hz·min
compared to scenarios 2, 3, and 4, respectively. Furthermore, 
scenario 1 results in a reduction of the mass of CO2 emissions

and operating costs by 5.3%, 21.05%, and 30.3%
compared to scenarios 2, 3, and 4, respectively.

The DNN-based controller with forecasted inputs 
demonstrates an improvement in system performance by 0.69
Hz·min and a reduction in costs and emissions by 15.9% 
compared to scenario 3. Additionally, it shows an improvement 
of 0.86 Hz·min and a reduction in costs and emissions by 23.7%

compared to scenarios 4. However, its effectiveness depends on 
the accuracy of the forecasted power inputs. Smaller 
discrepancies between actual power measurements and forecasts 
lead to better outcomes for the DNN-based controller in scenario 
2. Scenarios 1 and 2 significantly improve on the three indicators
used, compared with scenarios 3 and 4. Scenario 1 is indeed the
most accurate, but measurements are not always available. The
use of load and PV prediction algorithms are therefore good
tools for improving the control framework's data input.

VIII.VALIDATION OF THE CONTROL FRAMEWORK USING AN

INNOVATIVE REAL-TIME STRUCTURE

The performance and effectiveness of the proposed control 
framework are validated by using an innovative setup featuring 
two advanced real-time simulators, interconnected via robust
communication protocols, as depicted in Fig. 12Fig. 12. The 
OPAL-RT simulator is employed to model the physical and 
control layers of the microgrid using MATLAB/Simulink 
software. Simultaneously, the SPHEREA simulator is utilized to 
execute the DNN algorithm for predicting future setpoints, 
leveraging U-Test software and Python programming for 
algorithm implementation. A bidirectional communication 
protocol Message Queuing Telemetry Transport (MQTT)
ensures seamless and reliable data exchange between the 
simulators, facilitating the synchronization of their operations. 

Every 5 minutes, the OPAL-RT simulator transmits load, PV 
and DG power measurements to the SPHEREA simulator. The 
DNN model in SPHEREA predicts the reference power for 

control layer. 
To visualize and analyse the results in real-time, a 

Supervisory Control and Data Acquisition (SCADA) system is 

Table IV PERFORMANCE EVALUATION METRICS

Control scenario

1 (red curve) 0.04 2.557 1.89
2 (green curve) 0.22 2.693 1.99
3 (blue curve) 0.91 3.214 2.38
4 (yellow curve) 1.08 3.332 2.47

Fig. 12. Hardware and software organization of the real-time structure



implemented using PcVue software, which is communicating 
with the simulators via the Open Platform Communications 
(OPC) protocol. The SCADA system provides a user-friendly 
interface with advanced real-time monitoring and analytical 
capabilities. This interface enables users to observe and adjust the 
current state of the process dynamically. Key features included: 

 Switching between control scenarios for comparative 
performance evaluation. 

 Monitoring critical metrics such as system frequency, as 
well as the power outputs of DG and BESS units.  

 Detailed insights into the evolution of operational 
parameters, including fuel consumption, associated 
costs, and emissions for each control strategy. 

A key advantage of the real-time simulation environment is 
its computational efficiency compared to conventional PC-based 
simulations. While the real-time structure runs simulations at 
actual system speed, executing the same simulation on a high-
performance PC equipped with a 12th Gen Intel® Core  i7-
12700H processor (2.3 GHz) and 32 GB of RAM takes almost 
eight times longer. 

IX. CONCLUSIONS 

This paper addresses the challenge of maintaining grid 
balance amidst the stochastic and intermittent nature of RES and 
the growing unpredictability of load demand. A novel DNN-
based control framework is proposed to dynamically manage 
power reserves from a BESS, complementing frequency droop 
controllers. Unlike conventional frequency-based approaches, 
the DNN-based controller leverages historical power 
measurements or very short-term forecasts to provide fast, clean, 
and cost-effective power reserves. The framework is validated 
using realistic load and PV power profiles within an innovative 
real-time setup that closely emulates real-world operating 
conditions. 

The proposed approach demonstrates significant advantages 
in frequency regulation, economic efficiency, and environmental 
impact. Compared to a control framework that relies solely on 
droop controllers, the DNN-based controller effectively reduces 
dependence 
operational costs. The results confirm that using historically 
measured power inputs achieves the most accurate performance, 
maintaining microgrid frequency closest to 50 Hz while 
minimizing DG power consumption. Furthermore, the 
integration of very short-term forecasting provides a viable 
alternative when real-time measurements are unavailable, 
highlighting the adaptability of the proposed method. 

Despite its promising results, this study has some limitations. 
The accuracy and reliability of the proposed method depend on 
the availability and quality of the data used for training and 
forecasting. Forecasting uncertainty can introduce deviations in 
power reserve predictions, affecting control performance. 
Additionally, the framework assumes the availability of 
sufficient power reserves from the BESS, which may not always 
be guaranteed under extreme operating conditions. Finally, real-
time implementation may face computational constraints, 
including hardware limitations and communication delays, 
which require further investigation for large-scale deployment. 

As a continuation of this work, we propose an investigation 
into the use of Importance Sampling to optimize the selection of 
a sampling distribution, focusing on identifying and prioritizing 
informative samples [18]. This approach aims to reduce the 
offline computation time and evaluate whether the DNN can 
sustain robust performance when trained on a smaller available 
dataset. Another key aspect is evaluating the controller's ability 

to maintain grid balance in the absence of conventional droop 
controllers, thus exploring its potential to operate autonomously 
under decentralized conditions. Finally, we plan to extend the 
study to a larger microgrid with multiple distributed RES and 
energy storage systems, employing a distributed learning 
approach to enable coordinated control among storage units and 
ensure grid stability in more complex systems. These directions 
aim to enhance the scalability, adaptability, and practical 
applicability of DNN-based controllers. 

This paper addresses the challenge of maintaining grid 
balance amidst the stochastic and intermittent nature of RES and 
the growing unpredictability of load demand. A DNN algorithm 
is trained on simulated data and integrated into a control 
framework to operate in supplementary to frequency droop 
controllers. Based on historical power measurements or power 
forecasts, the DNN-based controller dynamically adjusts the 
power references of a BESS to deliver fast, clean, and cost-
effective power reserves. The performance of the DNN-based 
controller is evaluated by using realistic load and PV power 
profiles within a real-time structure, effectively emulating real-
world operating conditions.  

As a continuation of this work, we propose an investigation 
into the use of Importance Sampling to optimize the selection of 
a sampling distribution, focusing on identifying and prioritizing 
informative samples [18]. This approach aims to reduce the 
offline computation time and evaluate whether the DNN can 
sustain robust performance when trained on a smaller available 
dataset. Additionally, since the DG power is inherently 
influenced by PV and load variations, we aim to analyse the 
impact of excluding DG power as an input feature to determine 
its necessity. Another key aspect is evaluating the controller's 
ability to maintain grid balance in the absence of conventional 
droop controllers, thus exploring its potential to operate 
autonomously under decentralized conditions. Finally, we plan to 
extend the study to a larger microgrid with multiple distributed 
RES and energy storage systems, employing a distributed 
learning approach to enable coordinated control among storage 
units and ensure grid stability in more complex systems. These 
directions aim to enhance the scalability, adaptability, and 
practical applicability of DNN-based controllers. 
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