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Abstract: This paper investigates a hybrid approach that combines Imitation Learning (IL) and rule-based
methods for real-time energy management in a full-scale, grid-connected microgrid (MG). This approach
eliminates the need for forecasting models, which can be complex and unreliable. The primary objective of
this method is to minimize energy costs by reducing dependence on the external grid through optimal
control of the storage system and photovoltaic (PV) power generation of the Lille Catholic University
demonstrator. The proposed method integrates a Deep Learning (DL) model trained to mimic the behavior
of a Linear Programming (LP)-based energy management strategy. The optimal control outputs of the LP,
derived from real historical data, serve as training demonstrations for the IL process. This enables the DL
model to learn how to replicate optimal energy management decisions. Since DL models cannot inherently
enforce operational constraints (e.g., storage limits, energy balance, etc.), a rule-based post-processing
module is used to ensure that the microgrid operates within its operational limits. Numerical experiments
demonstrate the effectiveness of the proposed method in enhancing responsiveness and efficiency in real-
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time energy management.
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Control, Deep Learning.

1. INTRODUCTION

Energy is considered the essence of life and the driving force
behind economic growth and technological advancement,
powering everything from basic daily needs such as
transportation, lighting, and heating to advanced technologies.
(U.S. energy information administration n.d.). Fossil fuels
have been and continue to be the dominant source of energy in
the world (Wang and Azam, 2024). However, reliance on
fossil fuels leads to critical issues, particularly in terms of
energy equity, security, and sustainability. Therefore,
developing a new energy matrix that integrates clean energy to
ensure a reliable, cost-effective, and decarbonized power
supply has become a matter of global concern (Erdiwansyah et
al., 2021).

The large-scale deployment of renewable energy generators
puts additional strain on the power system, triggering stability
issues due to uncertainties in demand and supply (Brahmendra
Kumar et al., 2019). As highlighted by (Zhou and Ho., 2016),
to minimize the impact of renewable energy on the power
system, the integration of microgrids (MGs) emerges as an
effective solution when properly controlled. The control
strategy of a MG ensures optimal operation to achieve
economic, technical, and environmental objectives while
maintaining system stability, efficiency, and security (Kruse et
al., 2021; Hanley et al., 2011; Uddin et al., 2023).

In this context, the implementation of an Energy Management
System (EMS) in the MG control architecture is essential for

optimal resource exploitation and integration into the power
system (Uddin et al., 2023; Ahmadifar et al., 2023). As
outlined by the IEC 61970 standard, an EMS is a software
platform offering core support services with applications
designed to ensure the efficient operation of electrical
generation and transmission systems that aim to maintain
energy supply at minimal cost (Vinothine et al., 2022).
Analogously, a microgrid EMS (MG-EMS) is software
developed to execute decision-making strategies that ensure
coordinated control and optimize energy allocation.

Forecasting is a key component of energy management
strategies, predicting critical factors such as demand, supply,
and pricing. It is widely employed across all industry
segments, providing essential input for energy management
and planning (Hong et al.,, 2020). Short-term energy
forecasting helps anticipate future trends, detect stability
issues, prevent overloading, and support sustainability
(Mystakidis et al., 2024). While most energy management
approaches rely on forecasting, predicting outputs from
intermittent energy sources is particularly challenging.
Inaccurate forecasts can disrupt energy management, leading
to inefficiencies, increased costs, and suboptimal energy
allocation (Boralessa et al., 2022).

Due to the rapid expansion of artificial intelligence and the
exponential growth of data, more advanced data-driven energy
management methods have gained significant attention.
Unlike traditional approaches, these methods can operate
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effectively without relying on energy forecasting (Gao et al.,
2024; Sun et al., 2023; Ji et al., 2019; Boato et al., 2023).

One of these methods is Imitation Learning (IL), where an
agent learns a task by imitating expert demonstrations, which
enables it to learn complex decision-making strategies (Zare et
al., 2024). Numerous studies in the literature have explored
breakthroughs in IL for energy management in MGs while
ignoring the dependence on forecasting models. Particular
focus is given to the work by (Gao et al., 2022) , as it is closely
related to our study. In this work, the authors proposed an IL-
based approach replicating the performance of a Mixed-
Integer Linear Programming (MILP) to control a storage
system. Since DL models cannot inherently learn to maintain
complex physical constraints such as power balance, storage
limits, etc, a one-step MILP was used subsequently to maintain
the MG constraints and compute other setpoints. This hybrid
approach achieved a near-optimal performance with improved
computational efficiency.

Building on this concept, this study tests a real-time IL-based
approach on a full-scale MG system: the Lille Catholic
University Smart Grid Demonstrator. A DL model is trained
to mimic an LP model using reference demonstrations, which
consist of MG states and their corresponding actions, obtained
by solving a set of LP problems based on historical real data.
After training, the DL model can operate in real-time to
compute setpoints for the system components. A rule-based
algorithm serves as a post-processing block to enforce the MG
constraints. This real-time capability is considered a
significant advancement, allowing adaptive energy
management without depending on predictive forecasts.

This article is structured as follows: A full-scale case study is
described in section 2. In section 3, the corresponding energy
management problem is formulated as an LP problem,
considering PV power curtailment and zero-grid-injection
conditions. In section 4, an innovative approach based on IL is
proposed. The simulation results of this approach are presented
in section 5. Finally, conclusions and perspectives are
discussed in section 6.

2. CASE STUDY DESCRIPTION: LILLE CATHOLIC
UNIVERSITY DEMONSTRATOR

A full-scale MG at the Lille Catholic University is used as a
case study to later test the effectiveness of the proposed energy
management approaches. The demonstrator is located in the
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Fig. 1. Lille Catholic University smart grid demonstrator
(Swibki et al., 2023).

heart of the “Quartier Vauban” in Lille, France. Figure 1
depicts a top view of the site from Google Earth, showing its
architecture in detail, while Fig. 2 shows its electrical model.

The system is composed of two PV systems, four buildings, a
storage system, an electric vehicle charging station, and a point
of common coupling to the distribution grid through a | MVA
15 kV/0.4 kV transformer. The first PV system, installed on
the RIZOMM building, was deployed on a 1200 m2 area and
produces 189 kWp. The second PV system is installed on the
rooftop of the HEI 13RT building and produces 28 kWp. The
two systems are interfaced to the grid via 12 Fronius inverters.
Excess PV power is stored in a Li-ion Eaton xStorage system
of 250 kWh installed in the basement of the HEI building and
connected to the grid through two inverters. The electric
vehicle charging station is composed of six charging points at
22 kW each point. However, these charging points are not
considered in the present study.
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Fig. 2. Diagram of the Lille Catholic University demonstrator
(Aouad et al., 2024).

In this study, since we are investigating energy management,
the following power flows are considered:

e Grid power Py(t): the power flow between the campus
and the distribution grid, where F;(t) > 0 when pulling
power from the grid, otherwise P, (t) = 0.

o PV power Ppy (t): aggregated power produced by the two
PV systems.

e Battery power P,(t): the power flow of the storage
system, it is charging if P, (t) > 0, discharging if P, (t) <
0 and Idle when P, (t) = 0.

e  Power demand Py, ,(t): the aggregated consumption of
the four academic buildings.

3. ENERGY MANAGEMENT PROBLEM
FORMULATION

3.1 Objective

In this study, the main objectives of the energy management
problem are to minimize dependence on the external grid,
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promote local power generation, and maintain the MG’s
operational constraints. These objectives are formulated as an
LP problem, involving a linear objective function in
combination with a set of linear constraints. Below is the
detailed formulation of the studied problem.

3.2 Objective function

The objective function, expressed in (1), minimizes the cost of
energy imported from the external grid over a defined time
horizon, generally 24 hours. This is achieved by reducing
reliance on imported energy during peak periods and
optimizing the use of local energy resources.

J =min¥T_, (P, (t) * C(t) * At) €Y

where C(t) denotes the electricity price, F,(t) represents the
power drawn from the external grid, T corresponds to the time
horizon of the problem, and At is the decision time step.

3.3 Operational constraints

The dynamic evolution of the Li-ion battery is expressed in
(2). This model is fundamental as it enables the monitoring of
the battery’s energy level at every decision step, ensuring
efficient operation of the system.

Ebat(t) = Ebat(t -1+ Py, (t) * At 2)
where Ep g (t — 1) is the previous energy level.

Overcharging and overdischarging Li-ion batteries can
significantly affect their lifespan and performance by causing
structural damage and irreversible chemical degradation
(Ouyang et al., 2022; Kim and Shin 2023). The role of the
EMS is to mitigate these phenomena. Thus, the following
constraints prevent the battery from overcharging and
overdischarging:

Ebatmin =< Ebat(t) < Ebatmax

3

where Ejpgimin 18 the minimum energy level in the battery
below which discharging is restricted and Ejgimay 1S the
maximum energy level which is restricted to avoid
overcharging.

For the same reasons, limits on the charging and discharging
rates are defined:

bis . < Pp(t) < PG
“)
max

where PJY* is the maximum charge rate and Pj;* is the
maximum discharge rate.

For the particular scenario of the Catholic University Smart
Grid demonstrator, it is imperative that the power produced by
the local PV system must be entirely consumed by local loads,
with no excess power allowed to be injected to the external
grid (Aouad et al., 2024). Additionally, the imported power is
limited to a predefined limit B***. Thus, the following
constraint is defined:

0 < P (t) < P )

To prevent power injection into the external grid, excess PV
power is curtailed. According to (6), any PV power exceeding

the load demand and the available battery charging capacity
must be curtailed. On the other hand, the curtailed power must
not exceed the available power as expressed in (7).

Pcurt (t) = PPV(t) - Pload (t) - max(O, Pb (t)) (6)
Pcurt (t) < PPV (t) (7)

By enforcing the previous curtailment constraints, excess PV
power is used to charge the battery, otherwise it is cut off from
the system via inverters control.

The power balance is a fundamental constraint to ensure the
stable and reliable operation of a power system by a proactive
balance of supply and demand (Aslam et al., 2021). For a grid-
connected MG, power produced by local generators, power
charged/discharged by the battery, and power exchanged with
the external grid must be equal to the demand at every time
step. The power balance condition is mathematically
formulated as follows:

Ppy ® - Poyre )+ P, ) + Pg ® = Pioaa ®) ®
4. IL-BASED ENERGY MANAGEMENT APPROACH
4.1 Principle

IL is defined as “socially inspired” machine learning
paradigm, allowing an agent to learn a skill or a behavior by
observing and replicating a teacher (expert) executing a given
task (Aslam et al., 2021). These demonstrations are typically
composed of state-action pairs, where states represent the
environment (context), while actions capture the expert
behavior (decisions) in these states.

The central idea of the present work is to reframe the energy
management problem, defined in Section 3, as an IL problem.
The proposed approach, depicted in Fig. 3, leverages the
performance of LP-based optimization in solving the energy
management problem to generate demonstrations that will be
used to train an agent. Behavioral cloning (BC), the simplest
form of IL, is applied in this work. This approach reduces the
IL problem to a simple Supervised Learning (SL) problem,
enabling the agent to learn how to map states to actions based
on expert demonstrations (Chen et al., 2024).

4.2 State-action representation

To make well-informed decisions, the IL-agent must construct
an accurate representation of the MG environment. This
representation is formed by continuously perceiving the MG’s
state at every decision step. The MG state includes key
operational variables that model the MG’s dynamics. In this
study, the MG is represented at each decision step by its state,
which is defined by the state representation in (9). These
parameters are assumed to be sufficient to fully capture the
MG’s state.

St = {PPV(t): Pload (t): Ebat(t)' C(t)‘ hour} (9)

In this study, the IL agent makes control decisions that
influence the MG power flow while meeting the objectives of
the energy management problem. The actions are defined by
the following action representation.

Ap = {Peure (), Pp (1)} (10)
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Fig. 3. Schematic of IL-based decision-making for MG energy management.

4.3 Data generation

As depicted in Fig. 3, the MG’s PV generation, consumption
patterns and pricing data are fed into an LP model to generate
the state-action pairs defined previously. The data used in the
simulation are sourced from a real-world dataset containing
historical time-series data from the Catholic University. This
dataset includes PV power, consumption patterns, and their
corresponding time steps. It is sampled at a 1-hour time step
from January 1, 2020, to May 30, 2020, resulting in 3648
samples. The pricing data is constructed to align with the
number of samples, following a time-of-use (ToU) policy,
which is detailed later in the simulation setup section. These
inputs are processed by the LP model, formulated in Section
3, to derive the battery energy levels and the control actions of
the battery and the PV system. The resulting state-action pairs
serve as ‘ground-truth’ data for a SL model. The following
pseudocode summarizes how the demonstrations were
generated.

Pseudocode 1: Demonstration Data Generation

1. Load input data: Ppv(t), Ploads(t), C(t) where
t €{1,...,T}
2. Generate expert demonstrations using the LP Model:
For time stept=1to T do:
a. Solve the LP problem (Eq. 1-8) using input data
b. Extract the optimal setpoints: P, (t), P, (t)
End for.
3. Construct the demonstration dataset by storing each
state with its corresponding optimal action:
- states = {PPV (t)' Pload (t)' Ebatt (t)' C(t): hour}
- action = {Pryr (8), Py (8)}

4.4 Supervised Learning

A Deep Neural Network (DNN) model is employed to learn
mapping states to actions, imitating the behaviour of the LP

model. The DNN model is implemented as a Feed Forward
Neural Network (FNN) composed of an input layer
corresponding to input data, three hidden layers composed of
128, 64 and 32 neurons for features extraction, two dropout
layers to prevent overfitting, and an output layer composed of
the output data. This architecture enables the DNN model to
approximate the optimal control strategy derived from LP
while  maintaining  robustness and  generalization
capabilities. The operation of the IL-based approach is
depicted in the following Pseudocode.

Pseudocode 2: Supervised model training

Input:
- features: X={Ppy (t), Pioga (t), Epar: (), C(t), hour}
- Target : Y= {Peyre (t), Pp(0)}
Output:
- Trained policy
1. Data-preprocessing
b. Split the dataset into training and testing subsets.
c¢. Normalize both input and target data using
standard
scaling.
2. Build the DNN architecture
3. Compile the DNN model:
- Optimizer: RMSprop
- Loss function: Mean Squared Error (MSE)
4. Train the model using the pre-processed training
data according to number of epochs and batch size
5. Evaluate the trained model on the test data
6. Return the trained policy
7. Apply the trained policy to predict actions on new
data

4.5 Constraint Imposing post-processing module

To apply the learned policy in real-time conditions, a rule-
based constraint-imposing module based on the system
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operational limits defined in (2)—(8) is used. This module
ensures that the output set-points of the derived policy from
the DNN model are restricted within the system operational
constrained defined in Section 3.

Pseudocode 3: Constraint Imposing post-processing
module

Input: Pcurt (t)' Pb (t)
Output: Pcurt—constrained (t)' Pb—constrained (t)
1. Apply limit constraints on inputs
2. check and maintain power balance:
b- compute power balance
a- If power balance <0: (excess power)
- Try to charge the battery if possible
- If imbalance remains:
- increase PV curtailment
b- Else: (power balance > 0 : power deficit)
- Discharge more the storage if possible,
- If imbalance remains:
- reduce curtailment
- If imbalance remains:
-increase grid import
Return corrected setpoints: Puyri—constrained (£),

Pb—constrained (t)

5. SIMULATION RESULTS
5.1 Simulation setup

The Catholic University smart grid demonstrator, described in
Section 2, serves as a realistic case study for conducting an in-
depth analysis and testing of the proposed energy management
approach. All simulations were executed on Google Colab,
with Table 1 providing the technical parameters used. This
study aims to replicate the performance of the LP-based
optimization to solve the predefined energy management
problem. Notably, this approach is applied in real-time,
eliminating the need for forecasting system variables (PV
power, consumption, and pricing).

Table 1. Simulation parameters.

Parameter Value
Battery capacity C =250kWh
Max charging rate R = 40 kW

PIF — 80 kW
Epatmax = 09 % C
Epatmin = 0.1%C
P =580 kW

Max discharging rate
Max battery energy level
Min battery energy level

Max grid import limit

The simulation setup consists of two models: an LP model and
an IL model. The LP model, implemented using Python on
Google Colab, formulates the energy management problem as
a LP problem based on (1)—(8) via the pulp.LpProblem library.
The objective of this approach is to minimize operational costs
by optimally controlling the battery charging and discharging
rates, as well as the amount of PV power curtailment. These

control setpoints are used as targets outputs for training the IL
model, alongside historical data from the catholic university.

For the purpose of this study, a ToU pricing model, in which
electricity tariffs vary depending on the time of day, is

implemented in the simulations. A hypothetical ToU pricing
scheme, outlined in Table 2, is assumed to analyze the
performance of the proposed method.

Table 2. Electricity Tariffs by Period

Period Time Tariff
Off-peak 22:00-06:00 0.08 £/kWh
Mid-peak 06:00-09:00 0.12 £/kWh
18:00-22:00
Peak 09:00-18:00 0.18 £/kWh

Figure 4 illustrates the PV production and load patterns over
five months in 2020. In a real-world setting, the Catholic
University experiences a higher aggregated load demand
compared to PV production of both systems. To address this,
the data was rescaled to ensure more days with higher PV
generation, thereby enhancing the model's ability to handle
various real-world scenarios. This data is then used to generate
training data for the DNN model.

Total Load and PV Load over Time
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Fig. 4. rescaled energy consumption and generation data from
January to May 2020.

Two test scenarios are designed to evaluate the studied
approach's ability to adapt to different conditions:

e Scenario 1: reproduces a sunny day with high PV
power generation.
e Scenario 2: replicates a cloudy day with significantly
reduced PV power due to weather conditions.
In both scenarios, the load pattern is assumed to be identical.

5.2. Simulation results

Figure 5 shows the evolution of the training and validation
losses over 80 epochs. Both curves decrease to low values,
with the validation loss closely tracking the training loss. The
absence of divergence between the two losses and
convergence to low values rules out overfitting and
underfitting. Consequently, the training process indicates
effective learning and strong generalization.

In order to analyse the performance of the DNN model, the
metrics in table 3 are employed, where MAE is defined as the
Mean Absolute Error, RMSE stands for the Root Mean Square
Error, and R? is the coefficient of determination, which is used
to evaluate the performance of a DNN models in regression
tasks. It measures how well the model approximates the target
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values when compared to a simple baseline that predicts the
mean of the target values.

Training and Validation Loss Over Epochs

= Training Loss
03 Validation Loss

Epochs
Fig. 5. Evolution of the training and validation losses.

Based on these defined metrics, the model demonstrates
promising predictive performance. The MAE shows a small
deviation between predicted and ground-truth values, while
the MSAE shows a larger margin, however, it remains within
an acceptable range. Notably, the R2 shows the ability of the
model to make accurate predictions. The Validation loss and
the training loss over the test dataset show that the model has
learned effectively from data and has a good generalization to
unseen data.

Table 3. Simulation performance metrics.

Metric Value
MAE 1.84
RMSE 4.76
R? 97.86%
Training loss 0.0341
Validation loss 0.0291

Alongside the previously defined metrics, Fig. 6 illustrates the
predictions made on the test data. The test data are considered
as ground truth values, derived from the LP model. Notably,
the general trend of predicted values closely aligns with the
real data, demonstrating the model’s performance in
replicating the general trend of the data accurately.

Simulations conducted over a 24-hour period, depicted in Fig.
7 and Fig. 8, show the results of applying the proposed
approach in test scenarios 1 and 2. These results are
benchmarked with results derived from the same LP model
used to generate data. In order to highlight the importance of
the constraint imposing model in this work, results are plotted
for two cases: IL with constraints, and IL without constraints.
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Fig. 6. Predicted and real values for the test dataset.

A typical study day begins with low power demand and low
photovoltaic (PV) power generation. In the first test scenario,
the battery starts charging during the off-peak period, taking
advantage of the low electricity prices in preparation for the
anticipated peak demand later in the day. During the mid-peak
period, the battery discharges, relying on the peak PV power
generated around midday to meet the load requirements during
the peak period and to prepare for absorbing excess power.
However, when using the IL-based controller, the battery is
not fully discharged during this period, which limits its ability
to charge later and results in increased curtailed power.

In the second test scenario, the overall performance of the
proposed approach closely aligns with the LP trends. The
battery charges during low prices and discharges during high-
price periods and when PV power is insufficient to cover the
load demand. In this case, where PV power is low, the
generated PV power is locally consumed. Thus, the storage
system charges only during off-peak and mid-peak periods and
discharges during the peak period to reduce reliance on the
power grid during high-price intervals. Notably, no power is
injected into the external grid, and all constraints are
maintained, demonstrating the effectiveness of the constraints-
enforcement module in enhancing the proposed approach.

In this work, the LP and IL approaches are compared with a
focus on energy cost, PV self-consumption rate (a,,. ), and the
grid dependence rate (GDR). Since there is no grid export,
a,. and GDR are computed as follow:

_ B (Ppv(O)=Peurt())*100
2 Ppy(t)

X2, Py(t)*100

B Egi1pload(t)

aSC

(1)

GDR (12)
The proposed approach demonstrates strong performance in
maintaining the MG within operational constraints and
reducing dependency on the grid. However, In the first test
scenario, the global energy cost imported from the utility grid
is higher compared to the LP benchmark. On the other hand,
the PV self-consumption rate is 6% lower and the GDR is 4%
higher compared to LP, these results show a performance gap
and suggests further improvement of the model. In contrast, in
the second scenario, the operational cost, PV self-consumption
rate and the GDR rate closely aligns with LP.
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under Scenario 1.
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Table 3. Energy cost, PV self-consumption and grid
dependence rates.

Period LP IL with constraints
Scenario 1 Cost 70.01 € 80.12 €
g 89% 83%
GDR 39% 43%
Scenario 2 Cost 228.81 € 232.82 €
g 100% 99%
GDR 92.11% 92.38%

6. CONCLUSIONS

This article presented an energy management approach for a
full-scale MG combining IL with a rule-based post-processing
module to enforce operational constraints. By using
demonstrations derived from LP as training data, a DL model
was trained to predict control setpoints in real-time,
eliminating the need for predictive forecasting. The rule-based
post-processing module ensured the feasibility of the energy
management strategy by correcting the control set points to
respect the operational constraints. Simulation results
demonstrated that the proposed approach achieves near-
optimal performance compared to the LP-based method while
allowing efficient real-time operation.

IL has shown promising results in microgrid energy
management. However, behavioral cloning, as used in this
study, cannot inherently maintain the microgrid constraints
and requires post-processing to ensure valid outputs. On the
other hand, this approach is dependent on large amounts of
high-quality expert demonstration data. Moreover, it may
suffer from poor generalization when exposed to unseen data
or shifts in system states, which limits its adaptability to
changing operational conditions.

Regarding future developments, this approach can be
improved by expanding the training dataset to enhance the
model's generalization. Additionally, emerging breakthroughs
in DL could lead to the development of more advanced models
capable of extracting maximum feature information from
time-series data. Architectures that integrate domain
knowledge, such as physics-informed neural networks, can
eliminate the need for post-processing modules to enforce
constraints by embedding them directly into the DL model.
Finally, testing this approach on a physical system would
evaluate its effectiveness under real-world uncertainties.
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