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 A B S T R A C T

Efficient energy management is essential for sustainable microgrid operation amid increasing renewable energy 
integration. In this paper, an imitation learning-based framework to approximate mixed-integer Economic 
Model Predictive Control (EMPC) is proposed for microgrid energy management, considering fuel generators, 
renewable energy resources, a unified energy storage unit, and curtailable loads. Within the proposed 
framework, a neural network is trained to imitate EMPC control actions from offline trajectories, thereby 
enabling fast real-time decision making without solving online mixed-integer optimization problems, which 
often exhibit highly variable solution times across instances and do not scale well to large problem sizes; in 
particular, worst-case solving times can be excessively large and therefore unsuitable for real-time deployment. 
In contrast, the learned policy provides predictable and consistently low computation times. For robustness 
and generalization, the learning process incorporates noise injection during training to mitigate distribution 
shift and explicitly accounts for forecast uncertainty in renewable generation and demand. Furthermore, 
a constraint-tightening approach combined with a projection layer built on control barrier functions is 
proposed to ensure recursive feasibility and constraint satisfaction for the learned controller. Simulation results 
demonstrate that the learned policy achieves economic performance comparable to EMPC, while reducing 
computation time by approximately one order of magnitude relative to the optimization-based EMPC.

1. Introduction

The integration of distributed energy resources, including photo-
voltaics, wind turbines, and Energy Storage Systems (ESSs), has led to 
the growing deployment of microgrids, which enable more localized 
generation, storage, and consumption of electricity (Chen et al., 2020). 
Designing an effective Energy Management System (EMS) for micro-
grids is crucial for ensuring reliability and reducing operational costs 
under uncertain generation and load profiles. The core of an EMS lies 
in solving an optimization problem, for which a wide range of methods 
have been explored, including quadratic programming (Yoon et al., 
2020), stochastic programming that explicitly accounts for uncertain-
ties in generation and demand (Liang and Zhuang, 2014), and meta-
heuristic approaches that address non-convex or non-smooth problem 
structures (Akter et al., 2024). The interested reader is referred to the 
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(G.K. Venayagamoorthy), b.deschutter@tudelft.nl (B. De Schutter).

comprehensive review by Zia et al. (2018) for additional methods in 
this area. Recent developments have also focused on the use of Model 
Predictive Control (MPC) (Prodan and Zio, 2014; Pippia et al., 2019; 
Alarcón et al., 2022; Hu et al., 2023; Alarcón et al., 2023), which 
has emerged as an appealing framework because it naturally integrates 
system dynamics, forecast information, and operational constraints 
within an optimization-based control scheme. In particular, Economic 
MPC (EMPC) has attracted considerable attention (Parisio et al., 2014; 
Tobajas et al., 2022; Hu et al., 2023), as it extends conventional MPC by 
directly optimizing an economic performance metric, such as operating 
cost or profit, instead of focusing solely on stabilization or reference 
tracking. This formulation makes EMPC well suited for modern mi-
crogrids, where achieving economic efficiency and sustainable energy 
integration is a primary objective.
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Recognizing its potential benefits, numerous studies have imple-
mented EMPC for microgrid energy management, demonstrating its 
practical effectiveness (Hu et al., 2023). Parisio et al. (2014) incor-
porated controllable loads into the model, allowing load curtailment 
as part of the energy management strategy. Tobajas et al. (2022) 
considered a hybrid ESS, resulting in a mixed-logical dynamical model 
in the EMPC formulation. In general, logic variables provide a compact 
and effective means to represent the discrete behaviors commonly en-
countered in microgrids, such as the ON/OFF status of fuel generators, 
charging/discharging modes of ESS, and purchasing/selling decisions 
when exchanging electricity with the main grid (Pippia et al., 2019; 
Tobajas et al., 2022; Hu et al., 2023; da Silva et al., 2025). Conse-
quently, when MPC is applied to such systems, mixed-integer MPC 
(MI-MPC) formulations (Karg and Lucia, 2018) are typically required 
to handle both continuous and discrete dynamics. However, a major 
limitation of MI-MPC lies in its substantial computational cost. At 
each sampling instant, a constrained mixed-integer program must be 
solved online, which can become prohibitively expensive for large-
scale or fast-evolving microgrids (Pippia et al., 2019; Gao et al., 2021; 
da Silva et al., 2025). This challenge is further exacerbated by the 
presence of longer prediction horizons, nonlinear system dynamics, 
and short sampling intervals, all of which significantly hinder real-
time implementation even when using advanced optimization solvers. 
While bi-level or hierarchical MPC formulations can partially alleviate 
the computational burden of hybrid MPC (Guo et al., 2016), discrete 
optimization typically remains in the upper-level problem, meaning 
that mixed-integer programs must still be solved online. Consequently, 
the computational cost can remain significant and difficult to predict 
in real-time applications. In contrast, approximate MPC computes in-
puts via a simple policy evaluation with a constant and predictable 
computation time.

Following several seminal works on approximating MPC policies us-
ing machine learning (Chen et al., 2018; Drgoňa et al., 2018; Hertneck 
et al., 2018; Karg and Lucia, 2018), collectively known as learning-
based approximate MPC, extensive research has explored the use of 
different neural networks for approximate MPC (Shen, 2024; Tong 
et al., 2025). In parallel, some papers have focused on improving 
sample efficiency through fast data augmentation (Krishnamoorthy, 
2021) and providing safety guarantees by adding a projection layer 
to the network (Hose et al., 2025). A key advantage of approximate 
MPC lies in its ability to enable fast online computation, making it 
particularly attractive for real-time applications. As a result, it has been 
successfully applied to domains such as smart buildings (Drgoňa et al., 
2018; Karg and Lucia, 2018) and solar trough plants (Ruiz-Moreno 
et al., 2025).

In the context of microgrid energy management, machine learning 
techniques have been widely used, including demand prediction (Alar-
cón et al., 2025a) and learning MPC policies (Gao et al., 2021; da Silva 
et al., 2025; Alarcón et al., 2025b). However, most existing approaches 
adopt indirect approximate MPC, in which machine learning is pri-
marily used to predict optimized integer or binary variables within 
MI-MPC formulations (Gao et al., 2021; da Silva et al., 2025). Once 
these discrete decisions are predicted, the remaining problem reduces 
to a linear or quadratic program that can be solved very efficiently. 
Recently, a direct approximate MPC approach based on recurrent neural 
networks has also been developed (Alarcón et al., 2025b). However, 
the considered microgrid models do not include fuel generators or load 
curtailment. In general, results on applying direct approximate MI-MPC 
to energy applications remain scarce (Karg and Lucia, 2018; Löhr et al., 
2020; Alarcón et al., 2025b).

On the other hand, many approximate MPC methods in the lit-
erature rely on open-loop data uniformly sampled over a grid (Chen 
et al., 2018; Hertneck et al., 2018). More recent research has therefore 
focused on using Imitation Learning (IL) to sample directly from closed-
loop trajectories during training (Drgoňa et al., 2018; Karg and Lucia, 
2018; Pfrommer et al., 2024; Alarcón et al., 2025b), with the goal 

of improving sample efficiency and closed-loop performance. Despite 
the strong potential of IL to significantly reduce the computational 
burden associated with solving MI-MPC problems in microgrid energy 
management, its application to approximate MI-MPC remains largely 
unexplored, except for the recent work by Alarcón et al. (2025b), 
where approximate MPC is combined with a real-time optimizer that 
determines the optimal steady state. Moreover, the issue of distri-
bution shift (Ross et al., 2011), namely the mismatch between the 
state distributions encountered during training and those visited by the 
learned policy during deployment, has not been adequately addressed 
in existing MI-MPC applications (Drgoňa et al., 2018; Karg and Lucia, 
2018; Alarcón et al., 2025b).

This study proposes an IL–based framework for approximate MI-
MPC tailored to microgrid energy management in day-ahead schedul-
ing. The considered microgrid scheduling and operation problem in-
cludes fuel generators, renewable energy sources (RESs), curtailable 
loads, a unified ESS unit, and operational constraints. While stochas-
tic MPC formulations (Pozzi et al., 2025) can be used to explicitly 
account for uncertainty in renewable generation and loads, access to 
reasonably accurate forecasts is assumed in this work, and a certainty-
equivalence MPC scheme (Meadows and Rawlings, 1995; Liu et al., 
2026) is adopted, wherein disturbances are replaced by their predicted 
values, resulting in a simple yet effective framework for real-time 
microgrid energy management (Hu et al., 2021). The core contribution 
lies in applying IL to directly approximate the EMPC control policy, 
thereby replacing repeated online optimization with a lightweight, 
learned controller. To the best of the authors’ knowledge, this is the first 
work to leverage imitation learning for fully end-to-end approximation 
of mixed-integer EMPC for microgrid energy management. The main 
contributions of the current paper are as follows:

• A novel IL-based approach for directly approximating MI-MPC 
policies is proposed. The approach introduces a feature represen-
tation tailored to load curtailment decisions in microgrid energy 
management and employs a noisy expert strategy during training 
to mitigate distribution shift.

• Forecast uncertainties in renewable energy generation and load 
demand are explicitly incorporated into both the offline data 
generation process and the online deployment of the learned 
controller, thereby enhancing robustness under realistic operat-
ing conditions. Furthermore, a novel input constraint-tightening 
approach is proposed and integrated with the nominal EMPC 
framework. Sufficient conditions for recursive feasibility, with-
out relying on terminal ingredients, are derived, and recursive 
feasibility under the proposed scheme is rigorously proven. The 
resulting tightened input constraints can be seamlessly embed-
ded into the learned controller via a projection layer, ensuring 
satisfaction of both state and input constraints.

• Simulation results demonstrate that the proposed approach
achieves economic performance comparable to optimization-
based EMPC while reducing computation time by an order of 
magnitude, highlighting its potential for real-time microgrid en-
ergy management.

It is noted that this work employs a standard Multi-Layer Perceptron 
(MLP) as the learned controller and does not focus on exploring alterna-
tive neural network architectures or developing new network structures 
for approximate EMPC. The remainder of the paper is organized as 
follows. Section 2 introduces the microgrid model, including the logic 
relations. Section 3 formulates the mixed-integer EMPC problem. The 
proposed IL-based approximate EMPC is presented in Section 4. Sec-
tion 5 details the simulation setup and provides comparative results. 
Finally, Section 6 concludes the paper and outlines directions for future 
research.

Notations: The set of (non-negative) real numbers is denoted by 
R (R+), the set of (positive) natural numbers is denoted by N (N+), 
and I[𝑎∶𝑏] ∶= N ∩ [𝑎, 𝑏] for 0 ≤ 𝑎 ≤ 𝑏. The zero and one column 
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Fig. 1. Microgrid configuration with control actions (blue arrows) executed 
by the Energy Management System (EMS), including fuel generator output, 
load curtailment, and energy exchange with the main grid. Orange arrows 
denote bidirectional power flow (unified Energy Storage System (ESS) and 
main grid), red arrows indicate loads (consumption only), and green arrows 
represent Renewable Energy Sources (RESs) and fuel generators (supply only).

vectors of length 𝑛 are denoted by 𝟎𝑛 and 𝟏𝑛, respectively. The operator 
‖ ⋅ ‖ denotes the 2-norm for vectors. Given  ⊂ R𝑛 and 𝐱 ∈ R𝑛, the 
projection operator Proj (⋅) is defined by Proj (𝐱) ∶= min𝐱′∈ ‖𝐱 − 𝐱′‖. 
The Cartesian product of sets 1 and 2 is denoted by 1 × 2, and 
∏𝑛

𝑖=1 𝑖 ∶= 1 × 2 ×⋯ × 𝑛.
2. Microgrid modeling

This section provides the modeling of a typical grid-connected 
microgrid, consisting of fuel generators, an ESS, a unified RES, and 
curtailable loads (Hu et al., 2023). The considered model unifies the 
ones proposed by Hu et al. (2023) and Pippia et al. (2019) with slight 
modifications, and discrete-time formulations are considered universally 
with the sampling interval and the time index denoted, respectively, by 
𝑇s and 𝑡. A visualization of the considered microgrid configuration is 
given in Fig.  1.

2.1. Fuel generators

Consider 𝑁fg independent fuel generators. For the 𝑖-th generator 
(𝑖 ∈ I[1∶𝑁fg]), its operational cost is given by
𝐶fg,𝑖(𝑡) = 𝑇s𝜃1,𝑖𝑃fg,𝑖(𝑡) + 𝑇 2

s 𝜃2,𝑖𝑃
2
fg,𝑖(𝑡) + 𝑇s𝑂fg,i𝛿fg,𝑖(𝑡)

+𝑆[on]
fg,𝑖 𝛿fg,𝑖(𝑡)(1 − 𝛿fg,𝑖(𝑡 − 1)) + 𝑆[off]

fg,𝑖 𝛿fg,𝑖(𝑡 − 1)(1 − 𝛿fg,𝑖(𝑡)), (1)

where 𝑇s is the sampling interval, the binary variable 𝛿fg,𝑖(𝑡) ∈ {0, 1}
represents the OFF (0)/ON (1) mode of the generator, and 𝑃fg,𝑖(𝑡) ≥ 0 is 
the power generation. In (1), the polynomial 𝑇s𝜃1,𝑖𝑃fg,𝑖(𝑡) + 𝑇 2

s 𝜃2,𝑖𝑃
2
fg,𝑖(𝑡)

is the fuel consumption cost, 𝑇s𝑂fg,i𝛿fg,𝑖(𝑡) is the operational cost, and 
𝑆[on]
fg,𝑖  and 𝑆

[off]
fg,𝑖  are the switching cost when starting up and shutting 

down the 𝑖-th generator, respectively. In addition, the following logic 
relation should be satisfied: 
𝛿fg,𝑖(𝑡) = 0 ⟺ 𝑃fg,𝑖(𝑡) = 0; (2a)

𝛿fg,𝑖(𝑡) = 1 ⟺ 𝑃fg,𝑖(𝑡) > 0. (2b)

No dynamic behavior is considered for the fuel generators.

2.2. Energy storage unit

Consider a unified ESS unit1, whose State of Charge (SoC), de-
noted by 𝑥ess(𝑡), is governed by the following piecewise-affine (PWA) 

1 The ESS is represented as a single aggregated unit (i.e., virtual battery), as 
commonly done in microgrid energy management to capture the overall energy 
balance and reflect centralized coordination of storage resources (Parisio et al., 
2014; Olivares et al., 2014).

dynamics (Pippia et al., 2019): 

𝑥ess(𝑡 + 1) − 𝑥ess(𝑡) = 𝑓ess(𝑃ess(𝑡)) =

{

𝑇s𝜂c𝑃ess(𝑡) − 𝑇s𝑥dg 𝑃ess(𝑡) ≥ 0
𝑇s𝜂−1d 𝑃ess(𝑡) − 𝑇s𝑥dg 𝑃ess(𝑡) < 0

,

(3)

where 𝑓ess ∶ R → R+ is the PWA dynamics function, 𝑃ess(𝑡) ∈ R is 
the ESS power flow, 𝑥dg is the constant energy degradation (Hu et al., 
2023), and 𝜂c and 𝜂d are the charging and discharging coefficients, 
respectively. Battery energy storage systems exhibit round-trip efficien-
cies typically smaller than 1, i.e., 𝜂c𝜂d < 1 (Hittinger et al., 2015; Pippia 
et al., 2019), depending on the technology and operating conditions, 
due to unavoidable electrochemical and resistive losses during charging 
and discharging. A binary variable 𝛿ess(𝑡) ∈ {0, 1} is used to characterize 
the discharging (0)/charging (1) mode, and additional logic relations 
involving 𝛿ess(𝑡) and 𝑃ess(𝑡) are given by 

𝛿ess(𝑡) = 1 ⟺ 𝑃ess(𝑡) ≥ 0; (4a)

𝛿ess(𝑡) = 0 ⟺ 𝑃ess(𝑡) < 0. (4b)

The operational cost related to the ESS unit is given by 
𝐶ess(𝑡) = 𝑂ess𝑇s|𝑃ess(𝑡)|, (5)

where 𝑂ess is the operational cost coefficient of the ESS unit.

Remark 1.  The unified ESS model considered in this work is sufficient 
to capture microgrid-level energy balancing (Parisio et al., 2014; Pippia 
et al., 2019; Hu et al., 2023), and also covers the case of multiple 
homogeneous ESS units (Gao et al., 2021). Modeling heterogeneous ESS 
units primarily introduces device-level decisions (e.g., state-of-charge 
allocation and cycling), which are typically addressed within the low-
level battery management systems (Pozzi et al., 2020). In essence, 
the presence of multiple ESS units leads to hierarchical or bi-level 
control structures that couple grid-level scheduling with local storage 
coordination.

2.3. Renewable energy sources

Following Hu et al. (2023), we consider a unified RES that aggre-
gates multiple generation technologies, such as wind turbines and solar 
panels. The total generated power of the unified RES is denoted by 
𝑃res(𝑡), which is constrained as 

𝑃−
res ≤ 𝑃res(𝑡) ≤ 𝑃+

res. (6)

Although physically connected to the microgrid, the output power of 
the RES is uncontrollable and is therefore treated as an exogenous 
input. Moreover, its internal dynamics and operational costs are not 
taken into account for the microgrid optimization.

2.4. Curtailable loads

In this paper, all loads are treated as a single aggregate that con-
sumes power 𝑃load(𝑡). In addition, partial load curtailment is allowed 
while adhering to user discomfort limits (Hu et al., 2023). The curtailed 
load percentage is denoted by 𝛽(𝑡) ∈ [0, 1], which is one of the
controllable inputs. The cost associated with load curtailment is then 
given by 
𝐶load(𝑡) = 𝜌𝛽(𝑡)𝑇s𝑃load(𝑡), (7)

where 𝜌 is the penalty weight on curtailments. Similar to 𝑃res(𝑡), the 
load power 𝑃load(𝑡) is bounded as 

𝑃−
load ≤ 𝑃load(𝑡) ≤ 𝑃+

load, (8)

and it is also an exogenous input to the system that cannot be managed 
by the microgrid itself.
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2.5. Power exchange & power balance

The microgrid can trade/exchange electricity with the main grid 
to meet load demand efficiently and to enhance the overall economic 
benefit of operation. This exchanged power is denoted by 𝑃exg(𝑡) ∈ R
and its associated binary variable 𝛿exg(𝑡) ∈ {0, 1} describes the selling 
(0)/purchasing (1) decision. The cost of power exchange is given by 

𝐶exg(𝑡) =

{

𝑐p(𝑡)𝑇s𝑃exg(𝑡) 𝑃exg(𝑡) ≥ 0
𝑐s(𝑡)𝑇s𝑃exg(𝑡) 𝑃exg(𝑡) < 0

, (9)

where 𝑐p and 𝑐s are the known time-varying purchasing and selling 
prices2, respectively. Besides, 𝛿exg(𝑡) and 𝑃exg(𝑡) satisfy 

𝛿exg(𝑡) = 1 ⟺ 𝑃exg(𝑡) ≥ 0; (10a)

𝛿exg(𝑡) = 0 ⟺ 𝑃exg(𝑡) < 0. (10b)

Finally, the powers of all the units in the microgrid must satisfy the 
following balance equation: 
𝑁fg
∑

𝑖=1
𝑃fg,𝑖(𝑡) + 𝑃exg(𝑡) + 𝑃res(𝑡) = 𝑃ess(𝑡) + (1 − 𝛽(𝑡))𝑃load(𝑡), (11)

where (1 − 𝛽(𝑡))𝑃load(𝑡) is the power consumed by the loads after 
curtailment.

3. Economic model predictive control for microgrid energy man-
agement

In this section, we formulate the EMPC objective by incorporating 
the operational costs introduced in Section 2 and impose additional 
constraints on the control inputs and the SoC of the ESS unit. The 
resulting EMPC problem is then presented, together with a sufficient 
condition for recursive feasibility and a discussion of stability.

3.1. Objective function and additional constraints

The total operational cost of the microgrid is the sum of the individ-
ual costs of its components. These include the operational cost of the 
fuel generators (1), the charging and discharging cost of the unified 
ESS (5), the cost from load curtailment (7), and the cost of exchanging 
power with the main grid (9). Specifically, the grid-level cost at time 
step 𝑡 is given by: 

𝐶grid(𝑡) =
𝑁fg
∑

𝑖=1
𝐶fg,𝑖(𝑡) + 𝐶ess(𝑡) + 𝐶load(𝑡) + 𝐶exg(𝑡). (12)

Several variables are subject to operational constraints. First, the ESS 
power flow and the SoC of the ESS unit are both required to stay within 
a certain range to protect the ESS unit, i.e., 
|𝑃ess(𝑡)| ≤ 𝑃ess; (13a)

𝑥−ess ≤ 𝑥ess(𝑡) ≤ 𝑥+ess. (13b)

Considering the dynamics (3) without the presence of ESS power flow 
(i.e., 𝑃ess(𝑡) = 0), the critical degradation horizon of the ESS unit is 
defined as 

𝑀ess =
𝑥+ess − 𝑥−ess
𝑇s𝑥dg

, (14)

which characterizes the number of time steps required for the ESS to 
degrade from its maximum SoC to minimum SoC. In this work, 𝑥dg is 
assumed to be sufficiently small such that 𝑀ess ≫ 1 and 𝑥dg𝜂c ≪ 𝑃ess, 

2 The microgrid is considered to exchange power with the main grid 
through the day-ahead electricity market. Consequently, the electricity prices 
for each time period are known a priori, following the standard setting as in 
Vasilj et al. (2017), Alarcón et al. (2025b).

ensuring that degradation remains negligible relative to the charging 
capability. Besides, if a fuel generator is ON, the produced power and 
its variation are both constrained, i.e., 
𝑃−
fg,𝑖𝛿fg,𝑖(𝑡) ≤ 𝑃fg,𝑖(𝑡) ≤ 𝑃+

fg,𝑖𝛿fg,𝑖(𝑡); (15a)

|𝑃fg,𝑖(𝑡) − 𝑃fg,𝑖(𝑡 − 1)| ≤ 𝛥𝑃fg,𝑖𝛿fg,𝑖(𝑡). (15b)

Moreover, only the case 𝑃−
fg,𝑖 ≤ 𝛥𝑃fg,𝑖 is considered, which ensures that 

a fuel generator is always allowed to start up at time step 𝑡 when it is 
OFF at time step 𝑡 − 1, but not vice versa. The power exchange should 
not exceed a given allowance, i.e., 
|𝑃exg(𝑡)| ≤ 𝑃exg, (16)

and 𝛽+ is an upper bound for the curtail percentage, i.e., 
0 ≤ 𝛽(𝑡) ≤ 𝛽+. (17)

The scalars used in the constraints (6), (8), and (13)–(17) (i.e., 𝑃−
res, 

𝑃+
res, 𝑃−

load, 𝑃+
load, 𝑃ess, 𝑥−ess, 𝑥+ess, 𝑃−

fg,𝑖, 𝑃+
fg,𝑖, 𝛥𝑃fg,𝑖, 𝑃exg, and 𝛽+) are all

constant and positive.

3.2. Economic model predictive control formulation

EMPC is used to dynamically minimize the operational cost. The 
state and input of the system are defined, respectively, as 
𝑥(𝑡) ∶= 𝑥ess(𝑡); (18a)

𝐮(𝑡) ∶= [𝐮⊤p (𝑡), 𝛽(𝑡)]
⊤, (18b)

where the power input 𝐮p(𝑡) ∶= [𝐏⊤
fg(𝑡), 𝑃exg(𝑡)]⊤ with 𝐏fg(𝑡) = [𝑃fg,1(𝑡),

𝑃fg,2(𝑡),… , 𝑃fg,𝑁fg
(𝑡)]⊤. The state constraint set  is given by  =

[𝑥−ess, 𝑥
+
ess], and the input constraint set p(𝑡) for the power input 𝐮p

is given by p(𝑡) =
(

∏𝑁fg
𝑖=1 fg,𝑖(𝑡)

)

× [−𝑃exg, 𝑃exg], where fg,𝑖(𝑡) =
([𝑃−

fg,𝑖, 𝑃
+
fg,𝑖]∪{0})∩[𝑃fg,𝑖(𝑡−1)−𝛥𝑃fg,𝑖, 𝑃fg,𝑖(𝑡−1)+𝛥𝑃fg,𝑖]. The RES power 

generation and load consumption form the disturbance as follows: 
𝐰(𝑡) ∶= [𝑃res(𝑡), 𝑃load(𝑡)]⊤, (19)

and the disturbance set is given by  = [𝑃−
res, 𝑃

+
res] × [𝑃−

load, 𝑃
+
load]. 

Following the state definition (18a), the dynamics of the system state 
is given by 
𝑥(𝑡 + 1) = 𝑥(𝑡) + 𝑓ess(𝑃ess(𝑡)), (20)

where 𝑓ess is defined in (3). Based on the power balance Eq.  (11), the 
ESS power flow is given by

𝑃ess(𝑡) =
𝑁fg
∑

𝑖=1
𝑃fg,𝑖(𝑡) + 𝑃exg(𝑡) + 𝑃res(𝑡) − (1 − 𝛽(𝑡))𝑃load(𝑡)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
∶=𝑤𝛽 (𝑡,𝛽(𝑡))

= 𝟏⊤𝑁fg+1
𝐮p(𝑡) +𝑤𝛽 (𝑡, 𝛽(𝑡)). (21)

The ESS power flow expression (21) provides an important insight 
into the considered EMS: the power input 𝐮p(𝑡) and the curtailment-
shaped virtual disturbance 𝑤𝛽 (𝑡, 𝛽(𝑡)) jointly influence the ESS power 
flow. Combining (20) and (21), the state dynamics function is given 
by 

𝑥(𝑡 + 1) = 𝑥(𝑡) + 𝑓ess
(

𝟏⊤𝑁fg+1
𝐮p(𝑡) +𝑤𝛽 (𝑡, 𝛽(𝑡))

)

. (22)

In addition, the virtual disturbance 𝑤𝛽 (𝑡, 𝛽(𝑡)) satisfies 𝑤𝛽 (𝑡, 𝛽(𝑡)) ∈
[𝑤−

𝛽 , 𝑤
+
𝛽 ], where the bounds 𝑤−

𝛽  and 𝑤+
𝛽  can be explicitly computed as 

follows: 
𝑤−

𝛽 = 𝑃−
res − 𝑃+

load; (23a)

𝑤+
𝛽 = 𝑃+

res − (1 − 𝛽+)𝑃−
load. (23b)

At each time step 𝑡, after receiving the true renewable power generation 
𝑃 ∗
res(𝑡−1) and the true load consumption 𝑃 ∗

load(𝑡−1), which jointly form 
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the true virtual disturbance as 𝑤∗
𝛽 (𝑡−1, 𝛽(𝑡−1)) = 𝑃 ∗

res(𝑡)−(1−𝛽(𝑡))𝑃
∗
load(𝑡), 

the true state (i.e., the SoC of the ESS unit) 𝑥∗(𝑡) = 𝑥∗ess(𝑡) is then deter-
mined. Furthermore, in this work, a load forecaster (Burg et al., 2021) 
and a RES forecaster (Iheanetu, 2022; Piotrowski et al., 2022) are avail-
able, which provide the predicted disturbance 𝐰̂(𝑡) ∶= [𝑃res(𝑡), 𝑃load(𝑡)]⊤

at time step 𝑡, where 𝑃res(𝑡) and 𝑃load(𝑡) are the predicted RES generation 
and load consumption, respectively. Similarly, the predicted virtual 
disturbance is defined as 𝑤̂𝛽 (𝑡, 𝛽(𝑡)) ∶= 𝑃res(𝑡) − (1 − 𝛽(𝑡))𝑃load(𝑡).

To satisfy the state constraint under possible forecast errors, a 
tightened polytopic input constraint set is designed for 𝐮p(𝑡) as follows: 

 p(𝑡, 𝑥(𝑡)) =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝐮p ∈ p(𝑡)

|

|

|

|

|

|

|

|

|

|

|

|

|

⎡

⎢

⎢

⎣

𝟏⊤𝑁fg+1

−𝟏⊤𝑁fg+1

⎤

⎥

⎥

⎦

⏟⏞⏞⏟⏞⏞⏟
∶=𝐺

𝐮p ≤
⎡

⎢

⎢

⎣

𝑠+𝛼 (𝑥(𝑡))+𝑇s𝑥dg
𝑇s𝜂c

−𝑤+
𝛽

− 1
𝑇s
max

{

𝑠−𝛼 (𝑥(𝑡))+𝑇s𝑥dg
𝜂c

, 𝑠−𝛼 (𝑥(𝑡))+𝑇s𝑥dg
𝜂−1d

}

+𝑤−
𝛽

⎤

⎥

⎥

⎦

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
∶=ℎ(𝑥(𝑡))

⎫

⎪

⎪

⎪

⎬

⎪

⎪

⎪

⎭

,

(24)

where 𝛼 ∈ (0, 1) is a constant, 𝑠+𝛼 (𝑥(𝑡)) ∶= (1 − 𝛼)(𝑥+ess − 𝑥(𝑡)), 𝑠−𝛼 (𝑥(𝑡)) ∶=
(1 − 𝛼)(𝑥−ess − 𝑥(𝑡)). The considered EMPC formulation relies solely 
on the economic stage cost and does not include additional termi-
nal ingredients (i.e., terminal constraints or a terminal cost). Conse-
quently, formally guaranteeing feasibility of the EMPC problem under 
the tightened input-constraint set  p(𝑡, 𝑥(𝑡)) and recursive feasibility 
of the proposed EMPC strategy requires additional conditions. In this 
work, conditions on the maximum sampling interval 𝑇s and the mini-
mum power exchange allowance 𝑃exg are imposed as follows (see also 
Theorem  1): 

𝑇s ≤
𝜂d(1 − 𝛼)(𝑥+ess − 𝑥−ess)

(𝑤+
𝛽 −𝑤−

𝛽 )
; (25a)

𝑃exg ≥ max
{

−𝑤−
𝛽 +

𝑥dg
𝜂c

, 𝑤+
𝛽 + 𝑃+

fg −
𝑥dg
𝜂c

}

, (25b)

where 𝑃+
fg ∶=

∑𝑁fg
𝑖=1 𝑃+

fg,𝑖, 𝛼 is defined as in (24), and 𝑤−
𝛽  and 𝑤+

𝛽
are given in (23). The condition (25a) can be satisfied by selecting a 
sufficiently small sampling interval. Alternatively, it can be ensured by 
aggregating homogeneous ESS units into a large virtual ESS, thereby 
making the range 𝑥+ess − 𝑥−ess sufficiently large. Meanwhile, the condi-
tion (25b) is typically satisfied in practice, since the value of 𝑃exg is 
generally large in real-world applications (Pippia et al., 2019). Given a 
prediction horizon 𝑇 ∈ N+, the EMPC controller seeks to minimize the 
𝑇 -step-ahead cumulative cost subject to: the dynamics constraint (22), 
the state constraints (13b), and the input constraints (17) and (24). 
Note that it is sufficient to impose the tightened input constraint only at 
the current time step 𝑡 to reduce conservatism since only the first input 
is applied in closed-loop operation. As such, the EMPC optimization 
problem can then be formulated as

PMPC(𝐼𝑡(𝑇 )) ∶ min
𝑡+𝑇−1
∑

𝜏=𝑡
𝐶grid(𝜏)

s.t. (22),∀𝜏 ∈ I[𝑡∶𝑡+𝑇−1];

𝑥(𝜏) ∈  ,∀𝜏 ∈ I[𝑡∶𝑡+𝑇 ];

𝐮p(𝑡) ∈  p(𝑡, 𝑥(𝑡));

𝐮p(𝜏) ∈ p(𝜏),∀𝜏 ∈ I[𝑡+1∶𝑡+𝑇−1];

𝛽(𝑡) ∈ [𝛽−, 𝛽+],∀𝜏 ∈ I[𝑡∶𝑡+𝑇−1];

𝑥(𝑡) = 𝑥∗(𝑡);

𝐰(𝜏) = 𝐰̂(𝜏),∀𝜏 ∈ I[𝑡∶𝑡+𝑇−1].

The optimization problem PMPC(𝐼𝑡(𝑇 )) can be reformulated as a mixed-
integer quadratic program (MIQP) after introducing auxiliary variables 
to handle logic constraints, PWA functions, and other bilinear terms. 

The details of the reformulation are given in Appendix  A. The problem 
PMPC(𝐼𝑡(𝑇 )) is parameterized by the information tuple 𝐼𝑡(𝑇 ) defined as 
𝐼𝑡(𝑇 ) ∶=

(

𝑥∗(𝑡),𝐏fg(𝑡 − 1), {𝐰̂(𝜏)}𝑡+𝑇−1𝜏=𝑡 , {𝑐p(𝜏), 𝑐s(𝜏)}𝑡+𝑇−1𝜏=𝑡
)

, (26)

which consists of the true state 𝑥∗(𝑡) at the current time step 𝑡, the 
power input 𝐏fg(𝑡−1) at the previous time step 𝑡−1, the predicted dis-
turbance {𝐰̂(𝜏)}𝑡+𝑇−1𝜏=𝑡 , and the price profile {𝑐p(𝜏), 𝑐s(𝜏)}𝑡+𝑇−1𝜏=𝑡 . For sim-
plicity, all generators are considered to be OFF initially, i.e., 𝑃fg,𝑖(−1) =
0,∀𝑖 ∈ I[1∶𝑁fg]. Solving PMPC(𝐼𝑡(𝑇 )) returns {𝐮⋆(𝜏; 𝐼𝑡(𝑇 ))}𝑡+𝑇−1𝜏=𝑡 , and only 
𝐮⋆(𝑡; 𝐼𝑡(𝑇 )) is applied due to the moving-horizon mechanism of EMPC. 
Moreover, 𝐮⋆(𝑡; 𝐼𝑡(𝑇 )) implicitly defines an EMPC control policy as 
𝜋MPC(𝐼𝑡(𝑇 )) ∶= 𝐮⋆(⋅; 𝐼𝑡(𝑇 )) (Rawlings et al., 2017). After obtaining the 
true renewable power generation 𝑃 ∗

res(𝑡) and the true load consumption 
𝑃 ∗
load(𝑡), and applying 𝜋MPC(𝐼𝑡(𝑇 )), the system state evolves to 𝑥∗(𝑡 + 1), 
and then the EMPC optimization is solved again. The optimization-
based EMPC policy 𝜋MPC is hereafter referred to as the expert EMPC 
policy. The following theorem provides the feasibility and recursive 
feasibility guarantee of the EMPC controller. 

Theorem 1 (Recursive Feasibility).  Let conditions (25a) and (25b) hold. 
Then, at time step 𝑡, given 𝑥(𝑡) ∈  , the set  p(𝑡, 𝑥(𝑡)) is nonempty for 
all 𝑥(𝑡) ∈  , and the problem PMPC(𝐼𝑡(𝑇 )) is thus feasible. Moreover, the 
problem PMPC(𝐼𝑡+1(𝑇 )) is feasible for any possible disturbance prediction 
{𝐰̂(𝜏)}𝑡+𝑇𝜏=𝑡+1 ∈ 𝑇  made at the next time step 𝑡 + 1, i.e., the EMPC 
optimization problem is recursively feasible.

The proof of Theorem  1 is given in Appendix  B, and it essentially 
establishes that  is a robust control-invariant set based on (25b), and 
such an input that respects the input constraint and renders  forward 
invariant can always satisfy the power balance condition. 

Remark 2 (Stability of EMPC for Energy Management). Unlike classical 
MPC for stabilization or reference tracking (Rawlings et al., 2017), 
where stability of the closed-loop system can be established via Lya-
punov arguments owing to the positive-definite stage cost, standard 
EMPC does not inherently guarantee asymptotic stability because the 
economic stage cost is not necessarily positive definite and does not 
enforce convergence to a fixed setpoint (Ellis et al., 2014). Stability 
in EMPC typically requires additional conditions such as dissipativity, 
terminal costs, or terminal constraints (Lin and Biegler, 2023), which 
are not part of the basic formulation for EMPC in energy management 
applications (Hu et al., 2023). In essence, the primary objective of 
EMPC is to minimize economic operational costs of the microgrid, 
instead of stabilizing the system state at a (time-invariant) equilibrium.

Remark 3 (Feasibility and Microgrid Design). The feasibility condi-
tion (25) can be interpreted as design guidelines for microgrid and 
its EMS that ensure robust energy management. In particular, these 
conditions impose requirements on key design parameters, including 
the sampling interval used for system operation, the capacity and 
operational limits of the ESS, and the interaction protocols with the 
main grid (e.g., energy purchasing/selling allowances). Satisfying these 
conditions is therefore closely tied to appropriate system sizing and 
control design choices, which jointly guarantee the existence of feasible 
energy management policies. Note that similar considerations have 
been widely recognized in the microgrid control and energy manage-
ment literature (Lasseter, 2011; Pippia et al., 2019; Hu et al., 2023; 
Alarcón et al., 2025a).

4. Direct approximate mixed-integer model predictive control via 
imitation learning

This section discusses the details of IL-based approximate EMPC for 
microgrid energy management. In Section 4.1, the motivations for di-
rectly approximating MI-MPC policy and using IL are further discussed. 
Section 4.2 elaborates on the details of the proposed methodology, 
covering learning paradigm, feature design, data generation, and noise 
injection used to handle distribution shift.
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4.1. Motivations

The EMPC optimization problem PMPC(𝐼𝑡(𝑇 )) exhibits several no-
table characteristics. First, the system has only 𝑁fg + 2 control inputs, 
while the number of integer variables required to formulate PMPC(𝐼𝑡(𝑇 ))
equals 2𝑇 (𝑁fg + 1), including 𝛿fg,𝑖(𝜏), 𝛿ess(𝜏), 𝛿exg(𝜏), and 𝑧fg,𝑖(𝜏), for 
𝜏 ∈ I𝑡∶𝑡+𝑇−1. It is obvious that 2𝑇 (𝑁fg + 1) > 𝑁fg + 2, thus the number 
of outputs of the neural network used to approximate the EMPC policy 
is smaller when adopting a direct approximate EMPC approach than 
when using indirect approaches that aim to learn integer variables 
instead (Gao et al., 2021; da Silva et al., 2025), especially for long 
prediction horizons. Moreover, among the total 2𝑇 (𝑁fg + 1) integer 
variables, 2(𝑇 −1)(𝑁fg +1) (representing a fraction 1−1∕𝑇  of the total) 
are directly coupled with the predicted future inputs from 𝜏 = 𝑡 + 1 to 
𝜏 = 𝑡 + 𝑇 − 1, which are of limited interest since the primary objective 
is to learn the control policy only at the current step 𝑡.

Most importantly, the power balance constraint (11) induces a 
strong coupling between the control inputs 𝐮(𝑡) and the disturbances 
𝐰(𝑡). Consequently, the integer variables also become disturbance-
dependent, as they are partially determined by the inputs through the 
logical constraints (see (2) and (10)). The optimality of the learned 
integer variables thus relies heavily on the accuracy of the RES and 
load forecasts. In practice, forecast errors tend to grow with the pre-
diction horizon, especially for renewable generation (Iheanetu, 2022; 
Piotrowski et al., 2022) and load demand (Burg et al., 2021) in micro-
grids. Longer-term forecasts are therefore more uncertain, which can 
result in higher operational costs and increased variability in system 
performance. As a result, indirect methods, which heavily rely on the 
predicted future disturbances to determine integer variables, are more 
sensitive to these errors and less robust. In contrast, direct methods, 
which only determine the current control action, are inherently less af-
fected by such inaccuracies since the plant-model mismatch in MPC has 
exponentially decaying impact on the current input (Lin et al., 2021; 
Liu et al., 2024, 2026). In short, for microgrid energy management, 
direct approximate EMPC constitutes a more parsimonious and robust 
approach, as it reduces output dimensionality and limits the influence 
of forecast uncertainty on policy optimality.

On the other hand, due to the presence of the generator switch-
ing costs (1), the input constraint (15b), the exogenous disturbances, 
and the price profile, the number of parameters required to charac-
terize the parametric EMPC policy 𝜋MPC amounts to 1 + 𝑁fg + 4𝑇 . 
This high dimensionality makes the conventional approximate MPC 
approaches with grid-based sampling (Chen et al., 2018; Hertneck 
et al., 2018) computationally infeasible, particularly for long prediction 
horizons or systems with an increased number of fuel generators. 
Consequently, sampling state-input data from closed-loop trajectories 
provides a more scalable alternative (Drgoňa et al., 2018; Karg and Lu-
cia, 2018), which falls within the broader class of IL-based approximate 
MPC methods (Pfrommer et al., 2024; Pozzi et al., 2025).

4.2. Imitation learning for approximate EMPC

Since the inputs (18b) are continuous-valued, approximating 𝜋MPC
can be formulated as a regression problem. Consequently, supervised 
learning with a standard MLP is sufficient to obtain an accurate ap-
proximate controller (Karg and Lucia, 2018; Pfrommer et al., 2024). 
In this context, our imitation learning approach naturally reduces to 
behavior cloning (Ross et al., 2011; Laskey et al., 2017), in which a 
neural network policy is trained to directly mimic the expert EMPC 
policy 𝜋MPC. The focus of this paper is not on applying alternative 
neural network architectures to approximate MPC or on developing 
novel network structures.

4.2.1. Feature design
The state dynamics (22) indicates that the virtual disturbance 

𝑤̂𝛽 (𝑡, 𝛽(𝑡)), which depends on 𝛽(𝑡), is affecting the predicted state 
trajectory when solving PMPC(𝐼𝑡(𝑇 )). Therefore, an extra feature 𝐰̂𝛽 (𝑡)
is designed as 
𝐰̂𝛽 (𝑡) = [𝑤̂𝛽 (𝑡, 𝛽1), 𝑤̂𝛽 (𝑡, 𝛽2),… , 𝑤̂𝛽 (𝑡, 𝛽𝑁𝛽

)]⊤, (27)

where 𝑁𝛽 is the resolution of 𝐰̂𝛽 (𝑡), and 𝛽𝑖 ∶= (𝑖−1)𝛽+
𝑁𝛽−1

 for 𝑖 ∈ I[1∶𝑁𝛽 ] with 
𝛽+ given in (17). Incorporating 𝐰̂𝛽 (𝑡), an augmented information tuple 
𝐼𝑡(𝑇 ) is defined by 

𝐼𝑡(𝑇 ) ∶=
(

𝐼𝑡(𝑇 ), {𝐰̂𝛽 (𝜏)}
𝑡+𝑇𝑤−1
𝜏=𝑡

)

, (28)

where 𝐼𝑡(𝑇 ) is given in (26) and 𝑇𝑤 ∈ I[0∶𝑇 ] is the horizon depth of this 
extra feature. While increasing the resolution and horizon depth can 
enrich the feature set, it also leads to longer offline training and may 
necessitate a larger network with additional hidden neurons.

4.2.2. Data generation with noise injection
Given a control horizon 𝑇sim, define a scenario 𝑆 as a tuple

𝑆 ∶=
(

𝑥(0),
{(

𝑃 ∗
load(𝑡), 𝑃

∗
res(𝑡)

)}𝑇sim−1
𝑡=0

)

.

For 𝑁sim simulation scenarios, the training data set  is obtained by 
rolling out (22) 𝑇sim times for each of the scenarios. However, it is well 
known that behavior cloning suffers from distribution shift (Ross et al., 
2011; Laskey et al., 2017), which degrades its performance. Therefore, 
inspired by Laskey et al. (2017), we apply a simple off-policy noise 
injection technique, which can be effective in continuous control and 
computationally cheaper than on-policy methods (e.g., Dagger (Ross 
et al., 2011; Pozzi and Toti, 2023)) to tackle distribution shift. Specif-
ically, given a covariance matrix 𝛴 ∈ R(𝑁fg+2)×(𝑁fg+2), the noisy expert 
input for the 𝑗-th scenario is given by 

𝑢̃[𝑗]MPC,𝑡 = 𝜋MPC

(

𝐼 [𝑗]𝑡 (𝑇 )
)

+ 𝜖[𝑗]𝑡 , (29)

where 𝜖[𝑗]𝑡 ∼  (𝟎, 𝛴) is a Gaussian noise vector, and 𝐼 [𝑗]𝑡 (𝑇 ) is the 
information tuple acquired when simulating the 𝑗-th scenario. To satisfy 
the state and input constraints, post processing of the noisy input is 
needed. The final applied input 𝜈̃[𝑗]MPC,𝑡 is obtained via 

𝜈̃[𝑗]MPC,𝑡 = Proj p(𝑡,𝑥∗(𝑡))×[𝛽− ,𝛽+]

(

𝑢̃[𝑗]MPC,𝑡

)

, (30)

where  p(𝑡, 𝑥∗(𝑡)) is defined in (24). Given, 𝑥∗(𝑡) ∈  and 𝜈̃[𝑗]MPC,𝑡 ∈
p(𝑡, 𝑥(𝑡))× [𝛽−, 𝛽+], it is guaranteed that 𝑥∗(𝑡+1) ∈  (see more details 
in Appendix  B). As a result, the closed-loop system is generated by 
applying 𝜈̃[𝑗]MPC,𝑡, and the training data set is given by 

 =
{(

𝐼 [𝑗]𝑡 (𝑇 ), 𝜈̃[𝑗]MPC,𝑡

)}

𝑡=0,1,…,𝑇sim ,𝑗=1,2,…,𝑁sim
, (31)

and the cardinality of  is || = 𝑇sim𝑁sim.

4.2.3. Loss function, training, and post processing
The learned policy using MLP is denoted by 𝜋MLP,𝜃 , which is pa-

rameterized by 𝜃, and it is a mapping from the space of augmented 
information tuples ̄ ⊂ R1+𝑁fg+4𝑇+𝑁𝛽𝑇𝑤  to the input space  ⊂ R𝑁fg+2. 
The parameter 𝜃 includes all the weights and biases of the MLP, whose 
structure is depicted in Fig.  2.

For the considered regression-based behavior cloning, the mean-
squared-error loss is adopted as the learning metric (Karg and Lucia, 
2018; Pfrommer et al., 2024), i.e., 

(𝜃;) ∶=
𝑁sim
∑

𝑗=1

𝑇sim−1
∑

𝑡=0

‖

‖

‖

‖

𝜋MLP,𝜃

(

𝐼 [𝑗]𝑡 (𝑇 )
)

− 𝜈̃[𝑗]MPC,𝑡
‖

‖

‖

‖

2
. (32)

The training objective is to find the best policy 𝜋⋆
MLP,𝜃 parameterized 

by 𝜃⋆ through solving the following optimization problem: 
𝜃⋆ = argmin

𝜃
(𝜃;). (33)
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Fig. 2. Schematic overview of the fully connected MLP with some represen-
tative weight links, where the red neurons with output value 1 are used to 
model biases.

In practice, this problem (33) is typically non-convex and highly non-
linear, making it infeasible to guarantee convergence to the global 
optimum. Consequently, stochastic gradient descent or its variants are 
commonly used to find a local minimum 𝜃̂⋆, which is then adopted 
as a suboptimal surrogate in most applications (Goodfellow et al., 
2016). To guarantee that the learned policy satisfies the state and input 
constraints, post processing of the MLP network output is needed. The 
final applied learning-based approximate EMPC input is given by3

𝑢MLP,𝑡,𝜃̂⋆ = Proj p(𝑡,𝑥∗(𝑡))×[𝛽− ,𝛽+]

(

𝜋MLP,𝜃̂⋆
(

𝐼𝑡(𝑇 )
)

)

, (34)

where  p(𝑡, 𝑥∗(𝑡)) is defined in (24). Likewise, the input 𝑢MLP,𝑡,𝜃̂⋆  can 
also guarantee constraint satisfaction due to the additional projection 
operation.

Remark 4 (Stochastic Extension). Recent studies have explored learning-
based approaches to approximate stochastic MPC, demonstrating the 
potential of neural network-based approximations to reduce online 
computation in stochastic optimization (Pozzi et al., 2025). In the 
current paper, we focus on certainty-equivalence MPC (Meadows and 
Rawlings, 1995; Liu et al., 2026) with robust constraint tightening 
and its associated direct approximation strategy for microgrid energy 
management, where forecasts of loads and renewable generation are 
available, and the main challenge is learning a hybrid or mixed-integer 
control policy. Our approach emphasizes handling distribution shift 
and designing informative features to improve the accuracy and gen-
eralization of the learned controller. While the proposed framework is 
compatible with stochastic formulations, we adopt deterministic fore-
casts to simplify the control problem and clearly illustrate the efficacy 
of imitation learning in approximating MI-MPC laws. Extensions to 
explicitly handle stochastic forecast uncertainty in stochastic MPC are 
possible within the proposed framework and are left for future work.

Remark 5 (Constraint Satisfaction).  The projection operations in (30) 
and (34) ensure satisfaction of the state and input constraints when 
the input is perturbed due to injected noise or learning errors. This 
approach is typical to ensure constraint satisfaction (i.e., safety) when 
applying neural network-based controllers, similar to the methods 
of incorporating discrete-time control barrier functions (Agrawal and 
Sreenath, 2017; Liu et al., 2025) to construct a safety filter that 
minimally modifies the MLP-based control input (Cosner et al., 2022).

3 Since p(𝑡, 𝑥∗(𝑡)) × [𝛽−, 𝛽+] is a polytope, the projection in (30) and (34) 
is a convex optimization problem, which can be solved efficiently.

5. Case study

In this section, we present a numerical case study of the proposed 
IL-based approximate EMPC approach, applied to a medium-scale mi-
crogrid comprising photovoltaic panels, wind turbines, a unified ESS 
unit, and up to five fuel generators. The case study considers a 24-hour 
time horizon (i.e., day-ahead scheduling) with a sampling interval of 
𝑇s = 5 min = 1∕12 h, resulting in a total of 𝑇sim = 24 ⋅ 12 = 288 sim-
ulation steps. All simulations are implemented in Python 3.13.11, 
using PyTorch for the construction and training of the MLP network, 
while the MIQP problem of the expert EMPC is solved using Gurobi 
13.0.1 (Gurobi Optimization, LLC, 2024) with gurobipy.

To account for diverse weather conditions affecting renewable en-
ergy generation (i.e., photovoltaic and wind power), load consumption, 
and electricity prices, we conduct a full-year simulation spanning 365 
days. The datasets for photovoltaic generation, wind power generation, 
load demand, and electricity prices are obtained from publicly available 
sources provided by the Australian Energy Market Operator, as also 
used by Huang et al. (2026); a visualization of the datasets is given 
in Fig.  3.

In this work, the electricity price is approximated by a piecewise 
constant profile constructed from the annual average of the raw price 
data, with extreme outliers removed (see Fig.  4). This approximated 
price profile is used uniformly throughout the entire simulation hori-
zon, and no price prediction error is considered. A theoretical analysis 
and numerical evaluation of performance degradation due to price pre-
diction errors are beyond the scope of this paper and are left for future 
work. Furthermore, we adopt an asymmetric pricing scheme for grid 
interaction, where the selling price is set to 0.8 times the purchasing 
price. Such a pricing structure, in which the selling price is lower than 
the purchasing price, is commonly adopted in the literature (Pippia 
et al., 2019; da Silva et al., 2025).

The other used parameters and bounds of the considered microgrid 
is summarized in Appendix  C. To account for seasonal variations, 
the disturbance realizations (i.e., photovoltaic generation, wind power 
generation, and load demand) from the first three weeks of each month, 
out of the total 365 days, are used for training and validation, while 
the remaining data are reserved for testing. In addition, four different 
initial states, 𝑥(0) ∈ {100 kWh, 500 kWh, 700 kWh, 900 kWh}, are 
considered, resulting in a total of 4 ⋅21 ⋅12 = 1008 scenarios for training 
and validation. To simulate the effect of forecast inaccuracies, both 
the EMPC controller and the IL-based approximate EMPC controllers 
rely on a predicted disturbance signal corrupted by bounded noise 
uniformly distributed over [−80 kW, 80 kW]. At each time step, the 
noise is added to the true disturbance realization, and the resulting 
noisy disturbance realization is subsequently clipped at zero to ensure 
non-negativity. This approach aligns with standard practices where 
forecast errors are considered to be within known bounds (Li et al., 
2022).

Three different controllers are considered for performance compar-
ison on the remaining 4 ⋅ 113 = 452 test scenarios: (a) the expert 
optimization-based EMPC controller, (b) the proposed IL-based ap-
proximate EMPC controller, and (c) a baseline IL-based approximate 
EMPC controller without additional features and without the noise 
injection mechanism. The performance is evaluated using two metrics: 
the closed-loop economic cost and the computation time. The economic 
cost is defined as 

𝐽eco ∶=
𝑇sim−1
∑

𝑡=0
𝐶grid(𝑡), (35)

where 𝐶grid(𝑡) is given in (12), and the computation time is defined as 

𝐽time ∶=
𝑇sim−1
∑

𝑡=0
𝛥(𝑡), (36)
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Fig. 3. Visualization of 365 disturbance realizations, illustrating the power generated by photovoltaic (PV) panels and wind turbines (WT), as well as the load 
demand. The mean profile is depicted by a solid line, while the shaded region represents the range between the minimum and maximum values, which are 
indicated by dashed lines.

Fig. 4. Visualization of (i) the raw electricity price data (left), including extreme outliers (the dashed lines are the minimum and maximum envelopes), (ii) the 
corresponding average price after outlier removal (middle), and (iii) the resulting piecewise constant approximation of the purchasing and selling prices based 
on the average price (right).

Fig. 5. Comparison of the economic cost of three controllers when varying the prediction horizon 𝑇  and the number of fuel generators 𝑁fg: (a) the expert 
optimization-based economic model predictive control (EMPC) controller, (b) the proposed IL-based approximate EMPC controller, and (c) a baseline IL-based 
approximate EMPC controller without additional features and without the noise injection mechanism.

where 𝛥(𝑡) denotes the CPU time4 required to compute the control 
input at time step 𝑡. For the IL-based approximate EMPC controllers, 
𝛥(𝑡) denotes the time required to process the output of the MLP net-
work given an input. In contrast, for the expert EMPC controller, 𝛥(𝑡)
accounts solely for the CPU time required to solve the optimization 
problem, excluding the time needed to construct and formulate it, as 
this is negligible compared to the solve time. Furthermore, because the 

4 All computations were performed on a machine equipped with an Intel 
Core i9 CPU at 32 GB RAM. Reported CPU times correspond to wall-clock time 
measured using Python function time.perf_counter() on a single core.

optimization problem is parametric, the model only needs to be con-
structed once to preserve its structure, after which different parameter 
values can be supplied for each subsequent solve.

The nominal configuration of the microgrid includes three fuel 
generators. For the EMPC controller, the nominal prediction horizon 
is set to 𝑇 = 12, corresponding to a 1-hour ahead prediction window. 
To evaluate the scalability of the proposed approach and highlight the 
advantages of the neural network-based controller, we vary the number 
of active fuel generators as 𝑁fg ∈ {1, 2, 3, 4, 5}, and the EMPC prediction 
horizon as 𝑇 ∈ {12, 24, 36, 48}. The results for the economic cost and 
computation time are given, respectively, in Figs.  5 and 6. The figures 
clearly indicate that the proposed IL-based approach outperforms the 
baseline IL-based method across the evaluated scenarios, and that it 
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Fig. 6. Comparison of the computation time of three controllers when varying the prediction horizon 𝑇  and the number of fuel generators 𝑁fg: (a) the expert 
optimization-based economic model predictive control (EMPC) controller, (b) the proposed IL-based approximate EMPC controller, and (c) a baseline IL-based 
approximate EMPC controller without additional features and without the noise injection mechanism.

Fig. 7. Comparison of the economic cost of two controllers when varying the number of layers 𝑁layer and the number of neurons per layer 𝑁nr of the multi-layer 
perceptron: (a) the proposed IL-based approximate economic model predictive control (EMPC) controller, and (b) a baseline IL-based approximate EMPC controller 
without additional features or the noise injection mechanism.

has comparable performance with respect to the expert EMPC. Fur-
thermore, both approximate MPC controllers achieve an approximately 
one-order-of-magnitude reduction in computation time compared to 
the expert MPC controller, demonstrating a substantial improvement 
in computational efficiency.

The adopted MLP consists of 𝑁layer = 6 hidden layers, each with 
𝑁nr = 10 neurons, and employs the GELU activation function
(Hendrycks and Gimpel, 2016). Similar small-sized MLP networks have 
proved to be effective for approximate MPC (Karg and Lucia, 2018). 
The network architecture is selected based on empirical evaluations 
in the nominal microgrid setting, considering multiple configurations 
with varying numbers of layers and neurons. For the extra feature 
related to the virtual disturbance 𝑤𝛽 (𝑡, 𝛽(𝑡)), the hyperparameters of 

our proposed method are chosen as 𝑁𝛽 = 3 and 𝑇𝑤 = 6. We adopt 
an MLP as a standard function approximator due to its universal 
approximation properties and computational efficiency. The exact ar-
chitecture is not critical to our approach, and Fig.  7 shows consistent 
performance improvements of the proposed IL-based EMPC approach 
over the baseline IL-based EMPC approach across a range of reasonable 
configurations. While the number of layers and neurons influences 
the approximation capacity, the proposed method does not rely on a 
finely tuned architecture and remains applicable to alternative MLP 
configurations. Note that developing novel network architectures or 
exploring the best MLP configuration is not essential to the contribution 
of the current paper.
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6. Conclusions and future work

In this paper, an imitation learning (IL)-based framework is pro-
posed for approximate EMPC applied to a microgrid energy manage-
ment problem with curtailable loads. The proposed method outper-
forms a basic IL approach in achieving more optimal economic perfor-
mance, leveraging a novel designed feature tailored for the disturbances 
and a noise injection mechanism to mitigate distribution shift. Besides, 
a novel input constraint-tightening approach is developed to ensure 
satisfaction of both input and state constraints, achieving safe imitation 
learning. In simulation experiments, the learned approximate EMPC 
controller reduces the online computation time by approximately one 
order of magnitude lower than that of the optimization-based EMPC, 
while maintaining comparable economic performance.

Future work will focus on extending the proposed framework to 
stochastic EMPC for microgrids, explicitly accounting for distributional 
uncertainty in renewable generation and demand. The closed-loop 
performance under varying load consumption patterns will be sys-
tematically analyzed, and the EMPC control strategy itself will be 
further investigated. In addition, the impact of price prediction errors 
on economic performance will be studied through both theoretical 
and numerical analysis. Finally, the framework will be extended to 
incorporate heterogeneous storage units with low-level battery man-
agement systems and to address networked microgrids with inter-grid 
interactions.
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Appendix A. Reformulation of EMPC optimization problem as mixed-
integer quadratic program

We first reformulate the basic logical constraints. Since (15a) al-
ready provides a linear reformulation of (2), it remains to reformulate 
(4) and (10) as follows: 
−𝑃ess(1 − 𝛿ess(𝑡)) ≤ 𝑃ess(𝑡) ≤ 𝑃ess𝛿ess(𝑡); (A.1a)

−𝑃exg(1 − 𝛿exg(𝑡)) ≤ 𝑃exg(𝑡) ≤ 𝑃exg𝛿exg(𝑡). (A.1b)

For optimization, the SoC dynamics (3), ESS cost (5), and exchange 
cost (9), due to their PWA nature, require a reformulation, respectively, 
as 
𝑥ess(𝑡 + 1) = 𝑥ess(𝑡) + 𝑇s(𝜂c − 𝜂−1d )𝛿ess(𝑡)𝑃ess(𝑡) + 𝑇s𝜂

−1
d 𝑃ess(𝑡) − 𝑇s𝑥dg; (A.2a)

𝐶ess(𝑡) = 𝑂ess
(

2𝛿ess(𝑡)𝑃ess(𝑡) − 𝑃ess(𝑡)
)

; (A.2b)

𝐶exg(𝑡) = (𝑐p(𝑡) − 𝑐s(𝑡))𝛿exg(𝑡)𝑃exg(𝑡) + 𝑐s𝑃exg(𝑡). (A.2c)

Accordingly, auxiliary continuous variables 𝑧ess(𝑡) ∶= 𝛿ess(𝑡)𝑃ess(𝑡) and 
𝑧exg(𝑡) ∶= 𝛿exg(𝑡)𝑃exg(𝑡) are required to eliminate bilinear terms in the 
optimization formulation, i.e., 

𝑥ess(𝑡 + 1) = 𝑥ess(𝑡) + 𝑇s(𝜂c − 𝜂−1d )𝑧ess(𝑡) + 𝑇s𝜂
−1
d 𝑃ess(𝑡) − 𝑇s𝑥dg; (A.3a)

𝐶ess(𝑡) = 𝑂ess
(

2𝑧ess(𝑡) − 𝑃ess(𝑡)
)

; (A.3b)

𝐶exg(𝑡) = (𝑐p(𝑡) − 𝑐s(𝑡))𝑧exg(𝑡) + 𝑐s𝑃exg(𝑡). (A.3c)

Moreover, additional linear constraints are needed (Bemporad and 
Morari, 1999) to characterize 𝑧ess(𝑡) and 𝑧exg(𝑡) as follows:

− 𝛿ess(𝑡)𝑃ess ≤ 𝑧ess(𝑡) ≤ 𝛿ess(𝑡)𝑃ess; (A.4a)

− 𝛿exg(𝑡)𝑃exg ≤ 𝑧exg(𝑡) ≤ 𝛿exg(𝑡)𝑃exg; (A.4b)

𝑃ess(𝑡) − 𝑃ess(1 − 𝛿ess(𝑡)) ≤ 𝑧ess(𝑡); (A.4c)

𝑧ess(𝑡) ≤ 𝑃ess(𝑡) + 𝑃ess(1 − 𝛿ess(𝑡)); (A.4d)

𝑃exg(𝑡) − 𝑃exg(1 − 𝛿exg(𝑡)) ≤ 𝑧exg(𝑡); (A.4e)

𝑧exg(𝑡) ≤ 𝑃exg(𝑡) + 𝑃exg(1 − 𝛿exg(𝑡)). (A.4f)

Besides, the bilinear term 𝛿fg,𝑖(𝑡)𝛿fg,𝑖(𝑡 − 1) in (1) also needs to be 
reformulated by introducing an auxiliary binary variable 𝑧fg,𝑖(𝑡) ∶=
𝛿fg,𝑖(𝑡)𝛿fg,𝑖(𝑡 − 1) with the following additional linear constraints: 

𝑧fg,𝑖(𝑡) ≤ 𝛿fg,𝑖(𝑡); (A.5a)

𝑧fg,𝑖(𝑡) ≤ 𝛿fg,𝑖(𝑡 − 1); (A.5b)

𝑧fg,𝑖(𝑡) ≥ 𝛿fg,𝑖(𝑡 − 1) + 𝛿fg,𝑖(𝑡) − 1. (A.5c)

In summary, the constraints of EMPC problem are: the dynamics con-
straint (A.3a); the power balance Eq.  (11), state and input constraints 
(13)–(17); logic constraints (2), (4), and (10); and other constraints 
(A.4) and (A.5) involving the auxiliary variables 𝑧ess(𝑡), 𝑧exg(𝑡) and 
𝑧fg,𝑖(𝑡). As such, the EMPC optimization problem can then be reformu-
lated as the following MIQP:

PMPC(𝐼𝑡(𝑇 )) ∶ min
𝑡+𝑇−1
∑

𝜏=𝑡
𝐶grid(𝜏)

s.t. 𝑥(𝜏) ∈  ,∀𝜏 ∈ I[𝑡∶𝑡+𝑇 ];

𝐮p(𝜏) ∈ p(𝜏),∀𝜏 ∈ I[𝑡+1∶𝑡+𝑇−1];

𝛽(𝑡) ∈ [𝛽−, 𝛽+],∀𝜏 ∈ I[𝑡∶𝑡+𝑇−1];

𝐮p(𝑡) ∈  p(𝑡, 𝑥(𝑡));

(A.1b), (A.4b), (A.4f), (A.4e) ∀𝜏 ∈ I[𝑡∶𝑡+𝑇−1];

(A.1a), (A.3a), (A.4a), (A.4d), (A.4c),∀𝜏 ∈ I[𝑡∶𝑡+𝑇−1];

(A.5),∀𝑖 ∈ I[1∶𝑁fg], 𝜏 ∈ I[𝑡∶𝑡+𝑇−1];

(15a),∀𝑖 ∈ I[1∶𝑁fg], 𝜏 ∈ I[𝑡−1∶𝑡+𝑇−1];

𝑥(𝑡) = 𝑥∗(𝑡);

𝐰(𝜏) = 𝐰̂(𝜏),∀𝜏 ∈ I[𝑡∶𝑡+𝑇−1].

Appendix B. Proof of Theorem  1 (Recursive feasibility of EMPC)

The proof consists of three parts: (i) non-emptiness of the tightened 
input constraint set  p(𝑡, 𝑥(𝑡)) for any feasible state 𝑥(𝑡) ∈  , (ii) 
feasibility of the true state 𝑥∗(𝑡 + 1) (i.e., 𝑥∗(𝑡 + 1) ∈ ) after applying 
𝐮(𝑡) ∈  p(𝑡, 𝑥(𝑡)) × [𝛽−, 𝛽+] under forecast error, and (iii) recursive 
feasibility of the EMPC optimization problem.
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Table C.1
Parameters and bounds used in the numerical simulation.
 Parameter Value Units  
 𝜃1,𝑖(𝑖 = 1, 2, 3, 4, 5) [4.8 × 10−3, 9.6 × 10−3, 7.2 × 10−3, 6.0 × 10−3, 8.4 × 10−3] $∕kWh  
 𝜃2,𝑖(𝑖 = 1, 2, 3, 4, 5) [8.64 × 10−1, 6.48 × 10−1, 1.73 × 10−1, 3.46 × 10−1, 5.45 × 10−1] $∕(kWh)−2 
 𝑂fg,i(𝑖 = 1, 2, 3, 4, 5) [7, 12.5, 9, 10, 11] $∕h  
 𝑆fg,𝑖(𝑖 = 1, 2, 3, 4, 5) [50, 40, 55, 45, 35] $  
 𝑃 −

fg,𝑖(𝑖 = 1, 2, 3, 4, 5) [200, 210, 230, 220, 190] kWh  
 𝑃 +

fg,𝑖(𝑖 = 1, 2, 3, 4, 5) [2.0 × 103, 2.1 × 103, 2.3 × 103, 2.2 × 103, 1.9 × 103] kWh  
 𝛥𝑃fg,𝑖(𝑖 = 1, 2, 3, 4, 5) [300, 315, 345, 330, 285] kWh  
 [𝜂c , 𝜂d] [0.9, 0.9] −−  
 𝑥dg 0.5 kW  
 𝑂ess 0.005 $∕kWh  
 𝑃ess 100 kW  
 [𝑥−ess , 𝑥+ess] [120, 1350] kWh  
 𝜌 1.5 $∕kWh  
 [𝑃 −

load , 𝑃
+
load] [1.2 × 103, 4.4 × 103] kW  

 𝛽+ 0.2 −−  
 𝑃exg 1.5 × 104 kW  

• Part (i): First, noting that 𝜂c ≤ 𝜂−1d , the condition (25a) implies 
that 𝑠+𝛼 (𝑥(𝑡))+𝑇s𝑥dg

𝑇s𝜂c
−

𝑠+𝛼 (𝑥(𝑡))+𝑇s𝑥dg
𝑇s𝜂c

≥ 𝑤+
𝛽 − 𝑤−

𝛽  and 
𝑠+𝛼 (𝑥(𝑡))+𝑇s𝑥dg

𝑇s𝜂c
−

𝑠+𝛼 (𝑥(𝑡))+𝑇s𝑥dg
𝑇s𝜂−1d

≥ 𝑤+
𝛽 − 𝑤−

𝛽 , where 𝛼 ∈ (0, 1), 𝑠+𝛼 (𝑥(𝑡)), and 𝑠−𝛼 (𝑥(𝑡))
are given as in (24), meaning that {𝐮 ∈ R𝑁fg+1 ∣ 𝐺𝐮 ≤ ℎ(𝑥(𝑡))} ≠ ∅. 
Moreover, the condition (25b) leads to min𝐮p(𝑡−1)∈p(𝑡−1)

max𝐮p(𝑡)∈p(𝑡) 𝟏
⊤
𝑁fg+1

𝐮p(𝑡) = 𝑃exg +
∑𝑁fg

𝑖=1 𝛥𝑃fg,𝑖 ≥ 𝑥dg
𝜂c

− 𝑤−
𝛽 =

max𝑥(𝑡)∈
𝑠−𝛼 (𝑥(𝑡))
𝑇s𝜂c

−𝑤−
𝛽  and max𝐮p(𝑡−1)∈p(𝑡−1) min𝐮p(𝑡)∈p(𝑡) 𝟏

⊤
𝑁fg+1

𝐮p(𝑡)

= −𝑃exg +
∑𝑁fg

𝑖=1 (𝑃
+
fg,𝑖 − 𝛥𝑃fg,𝑖) ≤

𝑥dg
𝜂c

− 𝑤+
𝛽 = min𝑥(𝑡)∈

𝑠+𝛼 (𝑥(𝑡))
𝑇s𝜂c

− 𝑤+
𝛽 . 

Moreover, noting 𝜂c ≤ 𝜂−1d , (25b) also implies that
min𝐮p(𝑡−1)∈p(𝑡−1) max𝐮p(𝑡)∈p(𝑡) 𝟏

⊤
𝑁fg+1

𝐮p(𝑡) = 𝑃exg +
∑𝑁fg

𝑖=1 𝛥𝑃fg,𝑖 ≥
𝑥dg
𝜂−1d

− 𝑤−
𝛽 = max𝑥(𝑡)∈

𝑠−𝛼 (𝑥(𝑡))
𝑇s𝜂−1d

− 𝑤−
𝛽 . Therefore, we have ∀𝑥(𝑡) ∈  , 

p(𝑡) ∩ {𝑢 ∈ R𝑁fg+1 ∣ 𝐺𝑢 ≤ ℎ(𝑥(𝑡))} ≠ ∅, i.e., ∀𝑥(𝑡) ∈  , 
 p(𝑡, 𝑥(𝑡)) ≠ ∅.

• Part (ii): Given 𝑥∗(𝑡) ∈  and 𝐮p(𝑡) ∈  p(𝑡, 𝑥∗(𝑡)), for all 
𝛽(𝑡) ∈ [𝛽−, 𝛽+], 𝐺𝐮p(𝑡) ≤ ℎ(𝑥∗(𝑡)) implies that 𝑇s𝜂c(𝟏⊤𝑁fg+1

𝐮p(𝑡) +
𝑤∗

𝛽 (𝑡, 𝛽(𝑡))) − 𝑇s𝑥dg ≥ (𝛼 − 1)[𝑥∗(𝑡) − 𝑥−ess], 𝑇s𝜂−1d (𝟏⊤𝑁fg+1
𝐮p(𝑡) +

𝑤∗
𝛽 (𝑡, 𝛽(𝑡))) − 𝑇s𝑥dg ≥ (𝛼 − 1)[𝑥∗(𝑡) − 𝑥−ess], and 𝑇s𝜂c(𝟏⊤𝑁fg+1

𝐮p(𝑡) +
𝑤∗

𝛽 (𝑡, 𝛽(𝑡))) − 𝑇s𝑥dg ≤ (1 − 𝛼)[𝑥+ess − 𝑥∗(𝑡)]. The above inequalities 
jointly lead to [𝑥+ess−𝑥∗(𝑡+1)] ≥ 𝛼[𝑥+ess−𝑥(𝑡)] and [𝑥∗(𝑡+1)−𝑥−ess] ≥
𝛼[𝑥∗(𝑡) − 𝑥−ess] for both 𝑃ess(𝑡) ≥ 0 and 𝑃ess(𝑡) < 0. Therefore, 
𝑥∗(𝑡 + 1) ∈  under 𝐮(𝑡) ∈  p(𝑡, 𝑥∗(𝑡)) × [𝛽−, 𝛽+].

• Part (iii): Assume PMPC(𝐼𝑡(𝑇 )) is feasible for 𝑥∗(𝑡) ∈  . It is suffi-
cient to prove the existence of one feasible solution to
PMPC(𝐼𝑡+1(𝑇 )). From part (ii), it is known that 𝑥∗(𝑡 + 1) ∈  . 
Since the proof of part (ii) also holds for 𝑤̂𝛽 (𝑡, 𝛽(𝑡)), there exists 
𝐮p(𝑡+1) ∈ p(𝑡+1, 𝑥∗(𝑡+1)) such that 𝑥(𝑡+2) ∈  . Condition (25b) 
implies that ∀𝐰̂(𝑡) ∈  , there exists 𝐮(𝑡) ∈ p × [𝛽−, 𝛽+] such that 
𝟏⊤𝑁fg+1

𝐮p(𝑡) + 𝑤̂𝛽 (𝑡, 𝛽(𝑡)) =
𝑥dg
𝜂c

≤ 𝑃ess, keeping 𝑥(𝜏) = 𝑥(𝑡 + 2) ∈ 
for all 𝜏 ∈ I𝑡+3∶𝑡+𝑇+1. Therefore, PMPC(𝐼𝑡+1(𝑇 )) is feasible.

Appendix C. Microgrid parameters

See Table  C.1. 

Data availability

Data will be made available on request.
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