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Abstract—This paper proposes a model-free Reinforcement
Learning framework for the optimal operation of multi-zone
airport hangar thermo-electrical microgrids. The framework
enforces constraint satisfaction through physics-based dynamic
constraints and incorporates an implicit method to capture inter-
zone heat exchanges. Simulation results based on the operation of
an actual Canadian airport microgrid demonstrate the effective-
ness of the proposed approach regarding thermal comfort and ar-
bitrage performance. Furthermore, compared with conventional
reward-driven methods, the proposed framework achieves faster
convergence and more stable training behavior.

Index Terms—Airport microgrid, Energy Management System,
multi-zone building thermal model, reinforcement learning.

I. INTRODUCTION

To address the climate impact of international aviation,
the 184 member states of the International Civil Aviation
Organization (ICAO) adopted in 2022 an ambitious target to
reach net-zero carbon emissions by 2050 [1]. To this end,
several alternatives for the energy supply of Electric Aircraft
(EA) and airport buildings are being considered, including
the use of alternative fuels such as hydrogen, the adoption of
hybrid or fully EA, the electrification of ground transportation
operations, the integration of Distributed Energy Resources
(DERs), and the deployment of energy-efficient buildings with
electrified thermal energy systems.

Research on airport Microgrids (MGs) has received no-
table attention. However, the integration of airport Thermo-
Electrical (TE)-MG Energy Management Systems (EMSs) has
only been addressed in a limited number of studies. Notably,
[2] investigates the TE energy management in an airport build-
ing, using electricity, heating, and cooling demand profiles
based on Monte Carlo simulations, and an optimization-based
Model Predictive Control (MPC) approach is used in [3] to
determine the optimal operation of a multi-zone airport hangar
MG. Besides these works, most existing studies focus on other
aspects of airport MG management, such as the provision of
frequency regulation [4]–[6], airport MG planning [7], [8], and
hybrid EA charging optimization schedules [9]. Furthermore,
the impact of Electric Vehicle (EV) and EA charging and
the integration of Photo-Voltaic (PV) and Battery Energy
Storage System (BESS) into airport MGs have been assessed

in [10], while [11]–[13] discuss the role of hydrogen in airport
operations. Thus, a research gap remains in the development
of EMS solutions that explicitly consider the coupling between
thermal and electrical dynamics in airport buildings.

Reinforcement Learning (RL) has received considerable
attention in recent years as an alternative to traditional op-
timization approaches for addressing EMS problems [14],
particularly to circumvent the challenges of obtaining accurate
system models. Unlike model-based methods, RL does not
require an explicit representation of the system; instead, an
agent learns through direct interaction with the environment
and generates its own training data from experience, making
RL especially valuable in situations where data are scarce,
costly, or constantly evolving. Hence, significant progress in
developing RL-based approaches for EMSs has been made,
aiming to facilitate learning and ensure constraint satisfaction.
However, when thermal comfort is considered, with the excep-
tion of [15], [16], and [17], most studies do not incorporate
a building thermal model to capture the underlying thermal
dynamics. Furthermore, only the latter includes a multi-zone
configuration, although not within a MG framework, as it
focuses solely on room temperature control. This underscores
the limited application of RL to the energy management of
airport TE-MGs and highlights a relevant direction for future
research. Thus, aiming to address the identified gaps, the
contributions of this paper are as follows:

• Propose a novel RL-based EMS framework for the opti-
mal operation of an airport TE-MG incorporating real-
world data for load demand, solar radiation profiles,
ambient temperature, and e-plane charging, while em-
ploying a hybrid action space that combines discrete and
continuous control variables to realistically capture the
operational characteristics of the TE-MG.

• Integrate physics-based dynamic constraints into the RL
environment to ensure safe and physically consistent
control of both the BESS and indoor temperature, pre-
venting infeasible charge/discharge BESS trajectories and
unrealistic Heat Pump (HP) operations, based on a multi-
zone building thermal model to properly represent heat
dynamics and inter-zone heat exchange in an actual MG
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not yet deployed, using an implicit method to efficiently
handle variable coupling.

The rest of the paper is organized as follows: Section
II provides a background overview on the RL framework
formulated as a Markov Decision Process (MDP). Section III
describes the proposed RL framework for the energy man-
agement of TE-MGs. Section IV comprises the application of
the proposed RL framework to an actual hangar building being
deployed for the Waterloo Wellington Flight Centre (WWFC),
and a comparison of the agent’s training performance against
a reward-based RL method. Finally, the conclusions of the
presented studies are provided in Section V.

II. REINFORCEMENT LEARNING FRAMEWORK OVERVIEW

The energy management problem can be formulated as an
MDP. Thus the Markov property asserts that the probability
of transitioning to the next state depends solely on the current
state and action, and not on any prior states [18]. Formally, an
MDP is defined as a tuple (S,A,P ,R, γ), where S is the state
space, defining the environment’s status at each time step k;
A is the action space, denoting the available control actions;
P(sk+1 | sk, ak) is the state transition probability function,
which describes the system’s evolution from state sk to sk+1

under action ak; R(sk, ak, sk+1) is the reward function, which
quantifies the immediate cost or benefit resulting from taking
action ak in state sk and transitioning to the next state sk+1;
and γ ∈ [0, 1] is the discount factor, which balances future
versus immediate rewards. As per [18], at each time step, the
agent follows a policy π that defines a mapping from states
to probabilities of selecting each possible action.

RL algorithms can be broadly categorized into three classes:
value-based, which estimate the expected return of each action
and derive a policy implicitly; policy-based, which directly op-
timize the policy without relying on value estimates; and actor-
critic methods, which combine the benefits of both approaches.
For the latter, the actor updates the policy, while the critic
evaluates the value function to guide the learning process.
The current paper adopts the Proximal Policy Optimization
(PPO) algorithm, which is known for its robustness and stable
performance [19], compared to other actor–critic methods that
often exhibit instability in hybrid action settings.

III. PROPOSED RL-BASED EMS FRAMEWORK

This section describes the RL framework proposed for the
EMS of a multi-zone airport hangar TE-MG. The electric
demand is assumed to be supplied with power from the main
grid, PV generation, and BESS operation, while the thermal
power is assumed to be provided by HPs, and an Electric
Heater (EH) for the planes’ hangar.

A. Action Space

The RL framework models the interaction of a single agent
with the environment to control the operation of a BESS,
multiple HPs, and an EH at each time step k. Thus, the hybrid
action space ak is defined as follows:

ak =
[
abat
k , aHP

h,k, a
EH
k

]
(1)

where a bat
k and aHP

h,k are continuous actions that can take
positive or negative values representing charging and discharg-
ing for the former, and heating and cooling for the latter,
respectively; and aEH

k is the discrete control signal for the EH,
taking values {0, 1} to indicate off and on states, respectively.

B. State Space

The state space sk of the TE-MG environment accounts for
all the system variables the agent observes in order to achieve
an optimal operation. In this context, the state of the system
components at each time step is defined as follows:

sk =
[
k, P PV

k , P d
k , P

ep
k , TOUk, SOCk, θ

ext
k , θin

i,k, θ
in
i,k

]
(2)

which encompasses input data, namely, PV generation P PV
k ,

building P d
k and e-plane P ep

k power demand, Time of Use
(TOU) tariff, ambient temperature θext

k , as well as a time-
varying temperature limit θin

i,k based on room comfort consid-
erations. It also incorporates system variables, namely BESS
State of Charge (SOC) and room i temperatures θin

i,k.

C. Reinforcement Learning Environment

The RL environment comprises the modeling of the EMS
elements, ensuring that the system variables are properly
updated whenever an agent takes actions based on the observa-
tions at each time step, since measurements were not available
for the TE-MG being considered. In practical applications,
system observations can be obtained directly, without relying
on equation-based models, thus reducing modeling complexity
and errors. However, as highlighted throughout this section,
certain equations remain necessary to enforce operational
constraints, such as the power and capacity limits governing
BESS and HP operation. Thus, the proposed model assumes
that the electric demand is fully satisfied by the available
generation as follows:

P gp
k = P d

k + P ep
k + P bat

k − P PV
k +

∑
h∈H

PHP
h,k + aEH

k P EH (3)

where P gp
k corresponds to the power exchanged with the grid;

P bat
k is the BESS active power; PHP

h,k denotes the HP active
power; and P EH represents the rated power of the EH. In a
real-world application, P d

k , P
ep
k , and P PV

k would be measured
directly from load consumption and PV generation; P bat

k , PHP
h,k,

and aEH
k would be determined by the RL agent; and the

resulting P gp
k would be measured at the Point of Common

Coupling (PCC).
The BESS operation at each time step k within the time

horizon T is modeled as follows:

P ch
k = max

(
0, abat

k

)
, P dch

k = max
(
0,−abat

k

)
(4)

SOCk+1 − SOCk =

(
P ch
k η

ch − P dch
k

ηdch

)
∆tk (5)

SOC ≤ SOCk ≤ SOC (6)

Φk(δk) = 5.24× 10−4δ2.03k (7)
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where (4) decomposes the BESS action abat
k into two non-

negative components, separately modeling the charging P ch
k

and discharging power P dch
k ; (5) represents the BESS energy

balance; and the SOC limits are modeled in (6). Based on [20],
Φk(δk) in (7) represents BESS degradation, as a function of
the Depth of Discharge (DOD) δk = 1− SOCk.

Finally, the MG thermal dynamics, which ensure both
comfort compliance and reliable operation, are modeled as
follows, assuming known building thermal parameters:

C in
i

θin
i,k − θin

i,k−1

3600∆tk
= µiQ

HP
h,k +Qsun

i,k −Qenv
i,k −Qvent

i,k

−
∑
j∈I

Qtrf
ij,k +Qig

i,k −Qgr
i,k ∀i ∈ I \{ph}, ∀k ∈ T

(8)

C in
i

θin
i,k − θin

i,k−1

3600∆tk
= aEH

k P EH +Qsun
i,k −Qenv

i,k −Qvent
i,k

−
∑
j∈I

Qtrf
ij,k +Qig

i,k −Qgr
i,k ∀i ∈ {ph}, ∀k ∈ T

(9)

Qtrf
ij,k =

∑
w∈W

Uw
ijA

w
ij

(
θin
i,k − θin

j,k

)
∀i, j ∈ I, ∀k ∈ T (10)

Qgr
i,k = U f

iA
f
i

(
θin
i,k − θgr) ∀i ∈ I \{ng}, ∀k ∈ T (11)

QHP
h,k = ψHP

h

θHP,out
h

θHP,out
h − θext

k

PHP
h,k ∀h ∈ H, ∀k ∈ T (12)

Qsun
i,k =

∑
e∈B

σe,iIkAe,iξe,iτe,i ∀i ∈ I, ∀k ∈ T (13)

Qenv
i,k =

∑
e∈B

Ue,iAe,i

(
θin
i,k − θext

k

)
∀i ∈ I, ∀k ∈ T (14)

Qvent
i,k =

vrate
i,k ρ

airVoli cair
(
θin
i,k − θext

k

)
3600

∀i ∈ I, ∀k ∈ T (15)

Qig
i,k = Npi,kQ

oc
i CLFk +Q

lg
i,k +Q

eq
i,k ∀i ∈ I, ∀k ∈ T (16)

Here, C in
i denotes the rooms’ thermal capacitance, and (8) and

(9) model the thermal dynamics of the building thermal zones
I and the planes’ hangar {ph}, with the respective thermal
contribution from HPs and the EH. The heat transfer between
rooms i and j Qtrf

ij,k and between each room and the ground
Qgr

i,k is defined in (10) and (11), excluding non-ground-level
rooms {ng} and considering wall w and floor f areas A with
transmittance U . The HPs’s thermal power QHP

h,k is given by
(12). Equations (13) to (15) describe the heat transfer due
to solar irradiation Qsun

i,k with shadowing σ and transmission
coefficient τ , and window surface ξ; the building envelope e
Qenv

i,k ; and ventilation Qvent
i,k with rate vrate

i,k . Finally, (16) models
internal heat gains Qig

i,k from room occupants Qoc
i , lighting

Qlg
i,k, and equipment Qeq

i,k, assuming a cooling factor CLFk and
number of occupants Npi,k. In an actual deployment, equations
(5), (10), (11), (14), and (15) can be replaced by direct sensor
readings (e.g., wall heat flux sensors, ventilation flow meters),
whereas (12), (13), and (16) may be estimated using partial
measurements combined with model-based representations.

D. Physics-Based Dynamic Constraints
The policy network outputs unconstrained actions, which

are then clipped within the RL environment to enforce physical
limits and yield deployable control policies, as follows:

QHP
h,k

= C in
i

θin
i,k − θin

i,k−1

3600∆tk
−Qsun

i,k +Qenv
i,k +Qvent

i,k

+
∑
j∈I

Qtrf
ij,k −Qig

i,k +Qgr
i,k ∀i ∈ I \{nc}

(17)

Q
HP
h,k = C in

i

θ
in
i,k − θin

i,k−1

3600∆tk
−Qsun

i,k +Qenv
i,k +Qvent

i,k

+
∑
j∈I

Qtrf
ij,k −Qig

i,k +Qgr
i,k ∀i ∈ I \{nc}

(18)

PHP
h,k = clip

(
aHP
h,k, max

(
PHP

h ,
QHP

h,k

COPk

)
,

min

(
P

HP
h ,

Q
HP
h,k

COPk

)) (19)

where the clipping operator is defined as clip(a, a, a) =
min(max(a, a), a), which projects a onto the interval [a, a],
and QHP

h,k
and Q

HP
h,k in (17) and (18) denote the minimum

and maximum HP thermal power limits required to ensure
thermal comfort, excluding rooms with no temperature control
{nc}. Notably, the HP limits are divided by the Coefficient of
Performance (COP) to define the physics-based dynamic upper
and lower bounds for HP operation in (19), with P

HP
h and PHP

h

defining the HP’s rated power limits. Similarly, the dynamic
limits for BESS operation can be determined as follows:

P
bat
k = max

(
0, min

(
P

bat
,
SOC − SOCk

ηch ∆tk

))
(20)

P bat
k = min

(
0, max

(
P bat,

(SOC − SOCk) η
dch

∆tk

))
(21)

P bat
k = clip

(
abat
k , P bat

k , P
bat
k

)
(22)

where P bat and P
bat

represent the BESS rated charge and
discharge power limits, respectively. The second terms in (20)
and (21) impose physics-based dynamic constraints to prevent
overcharging or over-discharging accounting for the measured
SOCk and considered efficiency losses. Finally, (22) ensures
that the selected action abat

k is clipped to the feasible range.

E. Multi-Zone Thermal Modeling
The building thermal model is used to compute zone temper-

atures, which in a real deployment would be directly measured
and thus not modeled in the RL environment. Accordingly, the
temperatures θk ∈ Rm of a building with m thermal zones
are obtained by solving the following linear system:

M · θk = bk (23)

where M ∈ Rm×m models the conductive couplings between
zones and their surroundings, and bk is the right-hand side

979-8-3315-8138-1



vector that accounts for previous temperatures and internal
and external thermal contributions. Thus:

Mii = 1 +
3600∆tk
C in

i

∑
j∈I

Uw
ijA

w
ij ; Mij = −3600∆tk

C in
i

Uw
ijA

w
ij

(24)

bi,k = θin
i,k−1 +

3600∆tk
C in

i

(
µiQ

HP
h,k +QEH

i,k +Qsun
i,k−

Qenv
i,k −Qvent

i,k +Qig
i,k −Qgr

i,k

) (25)

where Mij defines the entries for i ̸= j. The EH heat input
QEH

i,k is nonzero only for the hangar, while other zones may
receive HP thermal power via µi.
F. Reward Function

The proposed reward scheme is as follows:

rk = −cgp
k P

gp
k ∆tk − λ1EnRCΦk − λ2c

temp
k − cSOC

k (26)

ctemp
k = max

(
0, θin

{ph} − θin
{ph},k

)2
(27)

cSOC
k = 1(k=T−1)

∣∣SOCk − SOC tgt
∣∣ (28)

In (26), rk denotes the reward, λ1 and λ2 are penalty co-
efficients associated with BESS degradation and temperature
violations, respectively, and are determined through trial-and-
error, cgp

k is the electricity price, and En and RC represent
the BESS rated capacity and replacement cost, respectively.
In (27), ctemp

k accounts for temperature violations and is
applied only to the planes’ hangar, as the temperature in other
rooms remains within limits due to the physics-based imposed
constraints. Finally, cSOC

k in (28) allows the BESS to reach a
target SOC at the end of the operation.

IV. RESULTS AND DISCUSSION

The proposed RL framework is applied to the MG, illus-
trated in Fig. 1, which is being deployed at the WWFC airport
and comprises a PV system, a BESS, four HPs and an EH for
indoor temperature control, and an e-plane charger. The hangar
building has been distributed into ten distinct zones, as per
[3]. The temperature inside each of the flight simulator rooms
(Rooms 3, 4, and 5) is controlled independently by a HP,
and an additional HP controls the temperature inside Room
8, supplying thermal power to the other rooms according to
the thermal distribution factors µi defined in [3]. As for the
planes’ hangar, the indoor temperature is controlled through
an EH with no direct thermal contribution from the HPs.

The performance of the proposed RL framework is evalu-
ated under two scenarios, representing the hottest summer and
the coldest winter days in Ontario, Canada. These scenarios are
based on real data, using average hourly weather conditions
in the region from 2007 to 2021, as depicted in Fig. 2 [3].
Furthermore, the predefined temperature setpoints are assumed
to be a minimum of 21°C during working hours, i.e., from 8
am to 9 pm, and 15°C for the remaining hours, except for the
planes’ hangar, which maintains a constant setpoint of 10°C.
The maximum temperature is capped at 24°C for all rooms,
except for the hangar, which has no cooling system.

PV BESS Power Grid

HP

E-plane Charger

E-plane

Electric Load

Thermal Comfort

EH

5
4

3
2

1
8

9

10

6

7

Fig. 1. Microgrid at WWFC Hangar 7.

Fig. 2. Electric demand and environmental conditions for WWFC Hangar 7
for the hottest summer day (a) and (b) and the coldest winter day (c) and (d).

The policy network is a fully connected Deep Neural
Network (NN) with four hidden layers of 256, 256, 256, and
128 neurons. The discount factor was set to γ = 0.996, with
an entropy coefficient of 0.01 to encourage exploration and
15 training epochs. The penalty factors λ1 and λ2 are 0.1 and
0.25, respectively. It is worth noting that increasing λ2 leads
to more aggressive EH operation. As shown in Fig. 3, the
proposed framework exhibits faster convergence and improved
training stability compared to a reward-based RL approach,
while achieving millisecond-scale policy evaluation.

The MG power balance for winter and summer days is
illustrated in Fig. 4. Note that the demand is fully satisfied
at all times, and that during summer no power export to
the grid takes place, whereas in winter, power is exported
between 10:30–11:15 am and 12:30–1:15 pm due to high
solar availability. Fig. 5 illustrates the BESS SOC throughout
the day, with the BESS following arbitrage behavior with
conservative, incremental dispatch decisions that reflect the
agent’s learned policy.

Room temperatures for the coldest winter and hottest sum-
mer days are presented in Fig. 6. In rooms with tempera-
ture control, temperature violations are minimal, indicating
the agents’ effectiveness in managing the HPs and the EH.
Furthermore, except for Room 9, where temperatures approach
the set limits in both scenarios, the expected occupancy in
rooms without temperature control is relatively low, limiting
the impact on comfort levels.

V. CONCLUSION

In this paper, the implementation of an RL framework
for the optimal operation of a multi-zone TE airport hangar
MG was discussed, accounting for various thermal needs and
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Fig. 3. Cumulative reward over training episodes for the winter scenario.

Fig. 4. Active power balance for the WWFC hangar MG for the (a) coldest
winter and (b) hottest summer days.

resources, and e-plane charging based on actual data. Physics-
based dynamic constraints enforced physically feasible op-
eration of HPs and the BESS, while a multi-dimensional
hybrid action space was adopted to enable the operation of
an EH within a single-agent control strategy, thus reducing
overall control complexity. An implicit numerical method was
employed to capture heat dynamics and inter-zone thermal
coupling in a computationally efficient manner. The developed
EMS model was applied to an actual MG being deployed
at the WWFC airport in Ontario, Canada, with simulation
results demonstrating improved thermal comfort regulation
and effective arbitrage performance. Compared with conven-
tional reward-driven approaches, the proposed method exhib-
ited faster convergence and more stable training behavior.
Work currently underway includes comparisons with MPC-
based formulations and potential real-time implementation
challenges.
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