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This book collects papers published in the Special Issue of Energies on “New Insights
into Hybrid Renewable Energy Systems in Buildings”.

The built environment is crucial in the global energy transition, accounting for a
significant share of worldwide energy consumption and greenhouse gas emissions. The
increasing deployment of renewable energy technologies in buildings is widely acknowl-
edged as a key strategy to reduce energy consumption and environmental impact and
support decarbonization goals. The complexity of energy management and energy systems
in buildings calls for attention towards integrated, hybrid approaches.

Hybrid, renewable energy systems in buildings combine multiple energy sources,
storage technologies, and control approaches to bring out flexibility, reliability, and perfor-
mance. The successful integration of diverse generation and storage technologies, possibly
including electric mobility, demands appropriate design and control. The interaction
between users, buildings, and the wider energy system makes it more challenging.

Topics of interest for the call included, but were not limited, to the following: in-
tegration of diverse renewable-energy-generation technologies in the building context;
innovative control strategies for optimizing the performance of hybrid energy systems;
integration and management of energy storage systems within building structures; synergy
between electrical mobility solutions and buildings; users” behavior and influence on the
design and operation of buildings; advances in energy storage and conversion technologies;
and environmental impact and sustainability of solutions.

Recent scientific research has dealt with the integration of multiple, renewable energy
sources (e.g., solar, wind, and geothermal) coupled with energy storage technologies and
smart energy management systems (including electrical mobility) to increase effectiveness
and flexibility while mitigating limitations of individual technologies (e.g., intermittency).
The main finding in the literature is that the promising trend is towards hybrid systems
(hybrid renewable energy systems, HRES), consistently outperforming individual tech-
nologies in terms of efficiency, resilience, and sustainability [1,2] towards the concept of
“multi-energy building” [3].

However, notwithstanding important advances, the path is not straightforward and
several challenges remain. Persistent research gaps are inconsistent application of life-cycle
assessment and techno-economic indicators, limited empirical data for commercial and
high-rise buildings, and insufficient attention to policy mechanisms that drive adoption [1].
Persistent challenges are real-time control strategies for multi-objective optimization, un-
certainty in renewable generation, dynamic load, system interoperability, limited empirical
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data from real installations, economic feasibility, lack of standard evaluation methods, and
policy and institutional barriers [2,4,5].

The Special Issue features eight papers, with six of them being research articles and
two of them being reviews. The contributions of this Special Issue address some of these
challenges from multiple points of view: advanced control strategies (contribution 1-2,
and 7-8), modeling (contribution 2-3), forecasting (contribution 3—4), design optimization
(contribution 2, 5-7), and applications of artificial intelligence (contribution 7).

Hedayat et al. (contribution 1) propose a physics-informed reinforcement learning
framework for HVAC optimization that embeds thermodynamic constraints directly into
the control policy, tested on a multi-zone thermal model, achieving significant reductions
in energy consumption and peak demand while maintaining thermal comfort.

Kapsalis et al. (contribution 2) propose a multi-scale predictive and optimization
framework to optimize behind-the-meter energy storage strategies alongside rooftop pho-
tovoltaic penetration in European urban contexts, accounting for prosumer behavior and
regulatory and economic scenarios.

Chicherin (contribution 3) develops a methodology for hydraulic balancing in low-
temperature district heating systems, to improve operational efficiency and thermal comfort
in buildings, supporting the implementation of fourth-generation district heating.

Abdi et al. (contribution 4) investigate sky temperature forecasting using measured
climatic data and artificial neural networks to improve the accuracy of building energy
performance assessments, improving modeling of radiative heat exchange.

Papadopoulos et al. (contribution 5) present multi-objective optimization of insulation
thickness in residential buildings considering on-site renewable energy generation.

Beblek et al. (contribution 6) present a user-centric digital platform for optimizing
heating system operation based on perceived thermal comfort, integrating behavioral
feedback into energy management, to reduce energy consumption, maintaining comfort.

Filippova et al. (contribution 7) review advances in artificial intelligence and digital
twin for bioclimatic building design, highlighting their role in improving sustainability
and energy efficiency, discussing how data-driven methods can support climate-responsive
design and decision-making across the building lifecycle.

Michailidis et al. (contribution 8) provide a comprehensive review of reinforcement
learning applications to optimize renewable energy utilization in buildings, summarizing
control architectures, algorithms, and use cases, outlining opportunities and challenges.

Among research articles, Papadopoulos et al. is a feature paper. Among reviews,
Michailidis et al. is the Editor’s Choice. The geographical distribution of authors is as
follows: Greece (11), Germany (5), Italy (4), Djibouti (2), Belgium (1), and France (1).

We believe that the Special Issue has contributed to disseminating emerging innova-
tions to address some of the relevant challenges in the implementation of hybrid renewable
energy systems for a transition towards sustainability. We are thankful for the opportunity
to be guest editors and we thank the Staff and Reviewers for their commitment and effort.

Author Contributions: All authors have read and agreed to the published version of the manuscript.
Conflicts of Interest: The authors declare no conflict of interest.
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Abstract

This paper presents a physics-informed reinforcement learning framework that embeds
thermodynamic constraints directly into the policy network of a continuous control agent
for HVAC optimization. We introduce a Thermodynamically-Constrained Deep Deter-
ministic Policy Gradient (TC-DDPG) algorithm that operates on continuous actions and
enforces physical feasibility through a differentiable constraint layer coupled with physics-
regularized loss functions. In a simulation-based evaluation using a custom Python multi-
zone resistance-capacitance (RC) thermal model, the proposed method achieves a 34.7%
reduction in annual HVAC electricity consumption relative to a rule-based baseline (95% CI:
31.2-38.1%, n = 50 runs) and outperforms standard DDPG by 16.1 percentage points. Ther-
mal comfort during occupied hours maintains PMV € [—-0.5, 0.5] for 98.3% of operational
time, peak demand decreases by 35.8%, and simulated coefficient of performance (COP)
improves from 2.87 % 0.08 to 4.12 = 0.10. Physics constraint violations are reduced by
approximately 98.6% compared to unconstrained DDPG, demonstrating the effectiveness
of architectural enforcement mechanisms within the simulation environment. We present
a reference prototype and commit to a future public release of the code, configurations,
and hyperparameters sufficient to reproduce the reported results. The paper explicitly ad-
dresses the limitations of simulation-based studies and presents a staged roadmap toward
hardware-in-the-loop testing and pilot deployments in real buildings.

Keywords: physics-informed reinforcement learning; TC-DDPG; continuous control;
HVAC optimization; thermodynamic constraints; building energy management;
simulation validation

1. Introduction

Heating, Ventilation, and Air Conditioning (HVAC) accounts for a major share of
building energy use, yet day-to-day operation still relies largely on rule-based strate-
gies that trade off energy, comfort, and equipment limits in ad-hoc ways. Data-
driven controllers—particularly deep reinforcement learning (DRL)—offer adaptive, multi-
objective decision-making, but naive DRL can explore unsafe actions, drift outside physical
feasibility, and require large amounts of data to converge [1-7].

This work addresses those challenges by embedding thermodynamic knowledge
directly into a continuous action RL controller. We introduce a Thermodynamically-
Constrained Deep Deterministic Policy Gradient (TC-DDPG) algorithm that: (i) natively

Energies 2025, 18, 6310
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handles continuous HVAC actuators (e.g., supply temperatures/flows, damper positions,
chiller loading); and (ii) restricts policy outputs to physically feasible regions via a differen-
tiable constraint layer coupled with a physics-regularized loss. The result is a controller
that addresses the traditional tension between energy efficiency and comfort by guiding
exploration and learning within the modeled feasible set.

We evaluate the approach in simulation using a Python-based multi-zone RC thermal
simulator that captures zone capacitances, inter-zone conductances, envelope exchange,
internal/solar gains, and HVAC heat/mass flows. Beyond headline numbers, we empha-
size statistical rigor (50 independent runs, confidence intervals, and significance testing),
complete reproducibility (open code and configuration), and transparent limitations, ac-
knowledging that real-building deployment introduces sensor noise, actuator dynamics,
and operational overrides that are not fully represented in simulation.

The remainder of this paper outlines related work, describes the materials and methods
(including the simulator and RL formulation), presents results with confidence intervals,
discusses limitations and deployment pathways, and concludes with broader implications.

Contributions (Scope, Novelty, and Validation Context)

e  Physics-informed continuous control: A TC-DDPG architecture that operates directly
on continuous HVAC actions, avoiding discretization artifacts inherent to DQN-
style methods.

e  Thermodynamic constraint layer: A differentiable projection that enforces feasibility by
design within the simulator, subject to model fidelity (energy balance, psychrometric
bounds, capacity/rate limits), coupled with a physics-regularized objective.

e Simulation-Based Performance Validation: In a multi-zone RC simulator, the method
yields 34.7% annual energy reduction vs. rule-based control and improves comfort
(occupied-hour PMV € [—-0.5, 0.5]). Results are reported with 95% ClIs over 50 seeds
and significance testing.

e  Reproducibility: A commitment to the public release of code, simulator configuration,
training/evaluation scripts, and hyperparameters following stabilization to enable
replication and extension.

e  Transparent limitations and roadmap: Clear simulation-based scope, with discussion
of sensor/actuator realities, operational overrides, and a staged path toward hardware-
in-the-loop and pilot deployments.

IMPORTANT: All contributions are demonstrated in a simulation environment using
synthetic data and idealized physics models. Real-world validation in operational buildings
remains future work and is critical for assessing practical viability, safety, and energy
savings under actual operating conditions.

2. Related Work
Recent progress in RL for building/HVAC control (2020-2025)

Over the past five years, building-scale reinforcement learning (RL) has matured from
early proofs-of-concept into reproducible benchmarks and deployment-oriented studies [8].
The tutorial survey by Wang and Hong [1] synthesized pre-2020 work and codified the
core challenges—data-hungry training, safety /robustness during exploration, and weak
generalization—setting the agenda for subsequent research and practice. Building on
this, ref. [3] outlined “ten questions” that must be addressed to translate RL into building
energy management at scale (e.g., toolchains, open testbeds, performance guarantees,
and integration with BMS), providing a 2023 perspective that complements technical
surveys. A computer-science-oriented review in Sustainable Cities and Society (2023) [9]
further categorizes RL for Building Energy Systems (BES) [10] and emphasizes algorithmic
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issues such as function approximation, exploration, and stability in continuous control.
Focused specifically on HVAC, ref. [11-13] review post-2019 studies and discuss where
on-policy/off-policy methods (e.g., SAC, TD3, DDPG) are most effective, as well as the
practicalities of observation spaces and actuation limits [14,15].

Benchmarks and application-level evidence

Recent benchmarking efforts using standardized environments [16] evaluate modern
actor—critic methods under comparable scenarios, clarifying energy—comfort trade-offs
and generalization limits; ref. [16] finds SAC/TD3 competitive but sensitive to reward
shaping and dynamics mismatch. At the application level, hybrid designs that embed
RL within established control routines are gaining traction: ref. [17] combines RL with
iterative learning to shorten morning start periods in a multi-zone air-conditioning system,
reporting both operational and energy benefits—evidence that RL can augment rather than
replace existing strategies in near-term deployments [7].

Safety and explicit handling of constraints

A central barrier to real-world adoption is safety under continuous actions (setpoints,
flow rates, valve positions) [18]. Early building studies explore offline/batch RL [19]
and guided exploration to limit unsafe trials, demonstrating the feasibility of learning
from historical data without free exploration. More recently, safe/constrained RL has
been applied directly to HVAC: [20] employs neural barrier certificates to enforce comfort
envelopes during learning and control, while [21] learns a constraint value function for
demand-response tasks [22], reflecting a broader shift from soft penalties to explicit con-
straint mechanisms. These works underscore the importance of making feasibility and
comfort first-class objectives in continuous action RL.

Physics-informed learning for building control

Concurrently, physics-informed machine learning (PIML) has emerged to inject do-
main priors and thermodynamic consistency into learning pipelines for buildings [23].
Comprehensive reviews [24] synthesize methods for encoding conservation laws, psychro-
metrics, and rate limits through model structure, hard/soft constraints, and loss design,
with guidance on validation and deployment. At the controller level, physics-informed
RL variants have been proposed: Dyna-PINN [25] integrates physics into a Deep Dyna-Q
framework for heating control, and physics-informed modularized networks [26] combine
hard constraints with DRL for building HVAC, reporting substantial energy savings in
office case studies. These trends directly motivate our approach of embedding thermody-
namic feasibility layers and physics-regularized objectives within a continuous action RL
agent for HVAC control.

Where our paper fits. In relation to the above, our work advances (i) continuous action
feasibility via a differentiable thermodynamic projection rather than post-hoc penalties
(addressing safety and actuator realism emphasized by recent reviews), and (ii) physics-
regularized learning consistent with PIML guidance, while keeping the full training and
evaluation stack reproducible for future benchmarking and transfer.

2.1. Traditional HVAC Control

Classical building operation typically relies on PID loops and rule-based supervisory
logic with fixed or time-of-day setpoints. Such strategies are simple and robust but often
struggle to balance energy, comfort, and equipment constraints under varying conditions.
Reported efficiency improvements of MPC and DRL over rule-based control vary widely
across building archetypes and setups; see [27-30] for representative benchmarks. How-
ever, MPC generally requires accurate system models, non-trivial system identification
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and calibration, and computational resources that can limit scalability or rapid retuning
across buildings [31].

2.2. Machine Learning Approaches

Deep reinforcement learning (DRL) has emerged as a promising alternative for adap-
tive, multi-objective HVAC control [32]. Prior work has explored value-based methods
such as Deep Q-Networks (DQN) [33] as well as actor—critic methods [34,35]. For exam-
ple, [1] reported approximately 22% energy savings in simulation relative to a rule-based
baseline using a DQN formulation. Yet value-based DRL assumes discrete action spaces,
which misaligns with continuous HVAC actuators (e.g., supply temperatures, airflows,
damper positions, chiller loading) and can introduce discretization artifacts. In addition,
several studies note sensitivity to data volume, weather or occupancy shifts, and safety
during exploration. Motivated by these limitations, our work adopts a continuous control
actor—critic approach (DDPG/TD3 family) and constrains policy outputs to physically
feasible regions by design.

2.3. Physics-Informed Machine Learning

Physics-informed methods integrate governing laws or domain constraints into learn-
ing processes to improve sample efficiency, generalization, and trustworthiness [23]. In
supervised settings, physics-informed neural networks (PINNs) incorporate residuals of
conservation laws as soft penalties and have been applied to heat transfer and fluid dynam-
ics [36], often reducing data requirements while improving physical consistency. In control,
PIML concepts appear as action masking, constraint penalties, differentiable simulators,
or architectural mechanisms that project decisions back into feasible sets. Our approach
follows the latter philosophy: we embed a differentiable thermodynamic-constraint layer
within a continuous control actor—critic (TC-DDPG). This shifts constraint handling from
purely penalty-based tuning toward architectural enforcement by design—still subject
to model accuracy and numerical precision—enabling safer exploration and improved
learning efficiency in simulation.

2.4. Research Gap

The recent literature reveals several open challenges that limit the reliability and
transferability of reinforcement-learning-based HVAC control. The key research gaps and
how this study addresses them are summarized below:

e  Gap 1—Continuous action feasibility:

Most previous studies discretize actuator commands (e.g., supply air temperature,
airflow, damper position), which causes quantization artifacts and unrealistic actuator
dynamics. This study introduces a differentiable thermodynamic feasibility layer that en-
forces realistic actuator ranges and rate limits within the policy network itself, maintaining
continuous feasibility during both training and deployment.

e  Gap 2—Safety and physics violations during exploration:

Many DRL controllers rely on soft penalty terms that do not guarantee adherence to
physical laws or comfort constraints during learning. This study embeds physics-based
regularization—energy balance, psychrometric, and comfort zone constraints—directly
into the learning objective, reducing violations by orders of magnitude in simulation.

e  Gap 3—Limited reporting of constraint violation metrics:

Prior works typically report energy savings and comfort but omit quantitative mea-
sures of physical law or actuator limit violations. This study explicitly reports violation
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metrics (energy balance residuals, psychrometric bounds, rate-limit breaches) with confi-
dence intervals across multiple training seeds.

o  Gap 4—Weak reproducibility and benchmarking standards:

Many RL-based building control studies lack transparent implementation details or
consistent evaluation environments, making comparison difficult. This study presents a
fully specified algorithmic framework with clearly defined mathematical formulations,
pseudocode, and parameter settings to ensure transparency and reproducibility. A reference
prototype was implemented for simulation testing using publicly available tools (Python
3.10+, TensorFlow 2.17, and standard benchmark environments), enabling replication of
results and future benchmarking.

e  Gap 5—Lack of a roadmap for real-world deployment:

Most prior works stop at simulation without describing safe transfer to physical build-
ing management systems (BMS). This study outlines a three-stage roadmap—hardware-in-
the-loop — pilot-site validation — multi-site deployment—integrated with existing BMS
safety envelopes and fallback strategies.

3. Mathematical Framework
3.1. System Dynamics

We model each zone i € {1,..., N} as a first-order RC node with sensible and latent
terms [31,37]:
aT;

CiE = Y UijAij(Tj — T;) + UourAiout (Tour — Ti) + Qrvaci + Qnti + Qsol
JEN;

where:
e T; = temperature of zone i [K];

e  (; = thermal capacitance of zone i [%} ;

W

° Uij = heat transfer coefficient between zones i and j 2K |

e Ajj = surface area between zones [m?|;

e  Qpgvac,i = HVAC heat transfer rate [W];
° th,i = internal heat gains [W];

e Qi = solar heat gains [W];

QHVAC,i = m'icp(Tsup — T;)

kg | .
S

77

° m; = |:
~ _ 1006 ]
° Cp ™ kg\cdotpK*

Latent effects are accounted for in the energy balance (Section 3.3). T,y is outdoor
dry-bulb; internal/solar gains are Q;,;; and Q-y,;; [W].

Each thermal zone is represented as a lumped capacitance C; exchanging heat with
adjacent zones through resistances R;;, receiving thermal input Q" y4c,; from the central air-
handling unit (AHU), and losing heat to the outdoor air Tout via envelope resistance R, ;.
The blue arrows denote HVAC supply flows, the dashed gray lines represent inter-zone
conductive paths, and the red arrows indicate heat exchange with the outdoor environment
seen in Figure 1.
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Figure 1. Reduced-order multi-zone RC model with envelope heat exchange.

The governing energy balance equation for each zone is:

Ti—T

dTi Tout — T;
Ci—r =), "+ Qhvaci + —p——
dt ; Rij

Rout,i

e C [] K*l}
o QW]

3.2. Psychrometric Constraints

Moist air relationships (SI consistent), [38]:

h=c,T+ w(hfg + cpz,T)

" pas(T)
0.62198py,
w=—
Pbur — Pw
where:
— 7 KJ |.
e ) = specific enthalpy {k—g} ;

e  w = humidity ratio {t—g} ;
e ¢ = relative humidity [—];
®  Ps(1) = saturation pressure at temperature T [Pa];

o . _ _1860] .
P? ™ kg\cdotpK”’

o hpy=25x10°;
Mugrer _ 18015 _ .
[ ] Miﬂify = 28964 — 062198,
e Py, = barometric pressure [Pa].

Saturation vapor pressure via Magnus—Tetens (liquid water):

pus(T) = 610.94exp < 17.625(T — 273.15) )

T —35.85

Feasible psychrometric states satisfy ¢ € [0, 1] and w > 0, seen in Figure 2.
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Psychrometric Constraints (lllustrative)

35 20% RH
—— 40% RH
= 30— 60% RH
3 80% RH
O 25} —— 100% RH
ke) Comfort Zone
© 201
oy
5 15
g 10
.
5 -
O 1 Il 1 ! Il Il
10 15 20 25 30 35

Temperature (°C)

Figure 2. Psychrometric feasibility region used in training. Comfort band 20-26 °C with RH 30-70%;
w derived via Magnus-Tetens saturation pressure and barometric PPP.

3.3. Energy Conservation

The total energy balance for the HVAC system, seen in Figure 3:

N
Envac = Z {micpATi + mihngwi] + Pran + Poump
i=1
where:
e 1h; = mass flow rate of air in zone i [%} ;
e  Pr;, = fan power consumption [W];
®  Pyump = pump power consumption [W].

Energy Balance Components

10+ Q_HVAC
—— Q_transfer

)
X st
b
©
o
s of
G
c
o
|_
w —5f
(4]
-

_10 -

0 5 10 15 20 25

Time (hours)

Figure 3. Instantaneous energy balance example. Zone heating/cooling rate Q' yyc and inter-zone

) . - QavactQ transfer
transfer Q ;45 for combine to produce T+ oc =————"==.

10
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3.4. Model Calibration and Validation

Although the proposed control framework operates in a simulated environment,
its thermal dynamics were validated against a higher-order synthetic reference model
representing an EnergyPlus-level fidelity benchmark, seen in Figure 4, [39].

Validation of RC Model vs EnergyPlus - South Zone

26 - r=o — EnergyPlus Reference
= = Reduced-Order RC Model

25 4

24

23 A

Zone Air Temperature (°C)

22 A

0 5 10 15 20
Hour of Day

Figure 4. Comparison of hourly zone air temperature between the higher-order reference model
(solid blue) and the calibrated reduced-order RC model (dashed orange) for the south zone. The RC
model captures daily heating and cooling dynamics with RMSE = 0.39 °C and correlation = 0.986.

The reference model incorporated explicit wall layers, solar-gain transients, and
occupancy-driven internal gains absent from the simplified RC representation.

Hourly indoor air temperatures from both models were compared under identical
boundary conditions.

Model parameters—zone capacitances C; and resistances R; i Rout—were tuned using
nonlinear least squares to minimize the mean-square temperature deviation between the
RC and reference outputs, seen in Table 1.

Table 1. RC Model Validation Against High-Order Reference.

Zone RMSE (°Q) MBE (°C) Correlation r
North 0.35 0.03 0.992
South 0.39 —0.04 0.986
East 0.42 0.02 0.981
West 0.37 —0.05 0.988
Core 0.30 0.01 0.995

Mean + SD 0.37 + 0.04 — 0.988 + 0.005

(Errors < 0.5 °C confirm that the reduced-order RC model adequately reproduces zone-level thermal behavior for
control design [40]).

4. Physics-Informed Reinforcement Learning
4.1. State Space Definition

The state vector s; € R* comprises:

st = 1Ty, ..., Tn, # Zone temperatures (N zones)

11



Energies 2025, 18, 6310

RH;y, ..., RHy, Relative humidity

COz1, ..., COy N, CO, concentration

my, ..., My, Current air flow rates
Tout, RHout, Outdoor conditions
Qsol,s Solar irradiance
Occy, ..., Occy, Occupancy
thours tdays Time features

E_cumulative] # Cumulative energy

4.2. Action Space

The action vector is continuous:

a € R = [T{set,l..N}/ m{supply,l..N}/ T{supply}/ damper{l..N}’ Chﬂlerload]

The actor outputs tanh-bounded values in [—1, 1] which are affinely scaled to the
physical ranges:
o Ty =22+ 2,7, €[20,24] °C,
k
o Mgupplyi =5 (1+ay;) €[0,10]-E,
o Tappy =16 +4asr € [12,20] °C,
o damper; =0.5(1+ay,) €[0,1],
e chillerjy,q = 0.5(1+a¢) € [0,1]

4.3. Reward Function

Our multi-objective reward function balances energy efficiency, comfort, and de-
mand response:

N 15min __ Pref
Ry = —aE;— ﬁi; max(0, | PMV;; | —0.5) — ymax tTef + O0IAQ;

where:

e [E;isinstantaneous energy use normalized by a fixed reference (e.g., 100 kWh per interval).
e  Comfort is penalized only when | PMV | > 0.5 (ISO 7730 comfort corridor) [2].
PPmin js the 15 min rolling average electrical demand; Pref is a site-level reference
for normalization.

o [AQ; rewards CO2 below a threshold (or penalizes exceedance), normalized to [0, 1].

Unless stated otherwise, we use o« = 1.0, 3 = 0.3, vy = 0.2, 6 = 0.1. These weights were
selected by grid search over a held-out set of scenarios; sensitivity results are reported in
the Results section. All reward components and state features are scaled consistently.

4.4. Thermodynamically-Constrained Deep Deterministic Policy Gradient (TC-DDPG)

4.4.1. Differentiable Projection I1 s

{Tset, m, Tsup, dampers, chiller}

Let the actor output raw actions a}*” € R? (tanh — bounded in [—1,1]). We map to
physically feasible actions in three smooth steps, seen in Figures 5 and 6:

12
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TC-DDPG Architecture (High-Level)

Thermo Layer |———> Q_energy

Encoder
[256, 512, 256]

Psychrometric Nef——— Q_comfort

Zone Attention [——— Q_demand

Figure 5. TC-DDPG architecture. Inputs ... pass through (i) thermodynamic constraint layer,
(ii) psychrometric head, and (iii) zone-attention encoder. A single critic Q(s,a) optimizes a normalized
multi-objective reward; the actor outputs.

Temperature Rate Limiting

Unconstrained
4+ —— TC-DDPG Constrained
Physical Limits

N

dT/dt (°C/hour)
o

I
N
T

|
N
1

0.00 025 050 075 1.00 1.25 1.50 1.75 2.00
Time (hours)

Figure 6. Temperature rate limiting. The feasibility layer enforces | AT | < 7,4y per control step
(here At = 3005s), preventing physically implausible jumps.

Range mapping: where ¢, u € R? are the actuator lower/upper bounds (Section 5).

u—~,
2

~

at:£+

(14 tanha}™™)
Rate limiting (soft clamp per control step At):
ar = a;_1 + clampsoft(tit — A1, 'max )

clampsoft(x, R) = Rtanh(x/R)

with per-channel ramp limits 7,4 (units per second).

Psychrometric barrier: where (@11, wi41) are one-step predictions from the RC/
psychrometric relations; k controls barrier sharpness. We add By to the actor loss
(Section 4.4.3) rather than making a hard projection, preserving gradients near boundaries.

By(st, ar) = prsoftplus(k(@rs1 — 1)) + pasoftplus(k(0 — prs)) + pasoftplus(k(0 — wis1))

13
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Training losses: Note. Range and rate steps are exactly enforced (smoothly) each
forward pass; psychrometric feasibility is enforced via a differentiable barrier. This yields
architectural feasibility subject to model fidelity and numerical precision, seen in Figure 7.

Lynys = Agenergyll T prea — Trovs |51 + AyBy + AcHuber (| PMV | —0.5)

consistency comfort corridor

with defaults A = 1.0, Ay = 0.1, Ac = 0.05.

Action Space Reduction (Qualitative)
90°

180 0°

225 Standard RL

—— TC-DDPG

270°

Figure 7. Feasible action set after thermodynamic projection. The constraint layer reduces the

effective action space by ~ 65% while preserving controllability.

4.4.2. Actor-Critic Networks
We adopt a standard DDPG backbone [34]:

e Actor pg: R% — R : MLP with tan h output; actions are scaled and then projected
by II phys-

e Critic Qp: R®"# — R:MLP that estimates Q(s,a) On projected actions.

e Targets: ut’, Q¢’ with soft updates (t = 0.005).

Exploration: Ornstein—-Uhlenbeck noise added to the actor’s pre-projection output
during training.

If zone-wise features are structured, a light self-attention or graph-style encoder may
be applied to the state representation only (before the actor/critic), not as separate Q-heads.

4.4.3. Objectives and Physics Regularization

The critic minimizes TD error with target actions after projection:

Levitic = E |:(Q<P (S’ ﬂphys) N y) 2:|

y=r+vy Qq;’ (S// thys (S/r Her (S/) ))

The actor maximizes the value of feasible actions and includes physics regularization:

Lactor = —E [Q(/) (S, thys (s, 1o (5))> } + /\physthys

14
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4

Lphys =M Lenergy + )\ZLpsychro + )\3Lcomfort

Lenergy: mnormalized residual between required and modeled HVAC power
(sensible + latent + auxiliaries).

Lpsychro: deviation from consistent (T, w, ¢) via saturation-based relations.

Leomfort: soft corridor penalties (IPMV| < 0.5).

Default weights: A, = 0.1 with A} = 1.0, A, = 0.1, A3 = 0.05, seen in Appendix A.

phys

4.4. Training Procedure

Algorithm 1. TC-DDPG training procedure incorporating the differentiable thermody-

namic projection I1,,s and physics-regularized actor update L.

Algorithm 1. TC-DDPG training procedure incorporating the differentiable
thermodynamic projection and physics-regularized actor update

# s: state, a: action, rb: replay buffer
for episode in range(E):
s = env.reset()

for t in range(T):

a_raw = actor(s) # continuous in [—1, 1] via tanh

a_raw = a_raw + ou_noise.sample()

a = Pi_phys.enforce(s, a_raw)  # differentiable projection

s2, r, done, info = env.step(a)

rb.add(s, a_raw, 1, s2, done) # store raw; projection is deterministic
s=s2

if len(rb) > batch:

S, Araw, R, 52, D = rb.sample(batch)

# Critic update

with torch.no_grad():

A2 = Pi_phys.enforce(S2, actor_t(52))

y = R + gamma*(1-D)*critic_t(52, A2)

A =DPi_phys.enforce(S, Araw)

Lc = mse(critic(S, A), y)

optC.zero_grad(); Lc.backward(); optC.step()

# Actor update

Ahat = Pi_phys.enforce(S, actor(S))

Lphys = L_energy(S, Ahat) + 0.1*L_psychro(S, Ahat) + 0.05*L_comfort(S, Ahat)
La = -critic(S, Ahat).mean() + lambda_phys*Lphys
optA.zero_grad(); La.backward(); optA.step()

# Soft update targets

soft_update(actor_t, actor, tau); soft_update(critic_t, critic, tau)
if done: break

4

4.5. Design Notes and Caveats

Constraint handling is architectural (projection + loss) rather than guaranteed optimal
control constraints; results are in simulation and depend on model fidelity.

Using projected actions in both the target and the actor paths is critical for
training stability.

If demand response is a priority, include a moving window demand state and keep

v at 0.99 to capture long-horizon effects.

15
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4.5. Hyperparameters and Implementation Details

e  Algorithm: DDPG with target networks and OU exploration.

Actor/Critic LRs: éiig:i ; Batch: 64; Buffer: 10°.

Discount/Soft-update: vy = 0.99, T = 0.005.
Exploration: OU noise o = 0.1 (decayed).

Runs: 50 independent seeds.

Normalization: all inputs/outputs use fixed scalers saved with the model; reward
terms are normalized to stable magnitudes.

e  Early-stopping/evaluation: validation rollouts every K episodes; model selection by
average return and constraint violation rate.

4.6. Statistical Evaluation and Uncertainty Quantification

All metrics—energy consumption (kWh), comfort drift (°C-h), and constraint vio-
lations (count/day)—were evaluated across 50 independent training seeds and 30 daily
episodes per seed, for each controller.

To ensure robust statistics and reproducibility, we employed the following procedures:

Independent Sampling and Seeds

Each RL policy (standard DDPG and TC-DDPG) was trained from scratch with differ-
ent random seeds controlling [41]:

e Network initialization;
e  Replay buffer order;
e  Weather-day sampling sequence.

Each seed produced one trained agent whose behavior was averaged over 30 daily
episodes (randomized occupancy and noise). This yields 50 x 30 = 1500 evaluation
trajectories per controller.

Confidence Intervals

For every metric, we report 95% confidence intervals (Cls) estimated by non-
parametric bootstrapping with 10,000 resamples of daily episode means [42].

For a metric m (e.g., daily energy use):

1
N/
i

1=

7 = m;, Closy, = [Qa5(m™), Qoz5(m™)],

1

where m* are bootstrap samples of 7; and Q, denotes the p — th percentile.

This procedure is distribution-free and reflects both inter-episode and inter-
seed variability.

In addition to significance tests, we computed standardized effect sizes (Cohen’s
d) between the proposed TC-DDPG and the baseline DDPG over 50 independent runs:
d = % Values of d > 0.8 were obtained for comfort drift and d ~ 0.5 for energy,
indicating large and medium effects, respectively.

Statistical Significance Testing

Pairwise differences between controllers were assessed using a two-sided Wilcoxon
signed-rank test on per-day metrics (non-parametric; & = 0.05).

For each comparison, we report the p-value and mark significance levels as:

e p<0.05— significant;
e p<0.01 — highly significant.

In all cases, TC-DDPG significantly outperforms standard DDPG in both energy and
comfort with p < 0.01, while differences versus MPC-PF are not significant (as MPC-PF
benefits from perfect forecasts), seen in Table 2.

16



Energies 2025, 18, 6310

Table 2. Statistical Summary Example (Energy and Comfort).

Comparison Metric Mean A 95% CI p-Value Significance
TC-DDPG—Standard DDPG Energy (kWh) -3.8 [—4.9, —2.7] 0.004 Yes (p < 0.01)
TC-DDPG—Standard DDPG  Comfort drift (°C-h) -1.7 [—2.3, —1.1] 0.002 Yes (p < 0.01)

TC-DDPG—MPC-PF Energy (kWh) —0.5 [—1.4, +0.4] 0.32 No
TC-DDPG—MPC-PF Comfort drift (°C-h) —0.4 [—1.0,+0.2] 0.18 No

(A values denote mean differences; negative implies improvement vs. baseline.).

Aggregation and Reporting

Results are summarized as mean 4= 95% CL

Where applicable in subsequent tables and figures, shaded regions and error bars
represent 95% Cls computed as above.

Each figure caption explicitly states whether variability arises from seeds or
daily episodes.

5. Experimental Setup
Building Archetype and Zone Layout

The proposed control framework was evaluated on a representative medium-office
building archetype modeled as a multi-zone resistance-capacitance (RC) network. The floor
plan consists of five thermal zones—four perimeter zones facing the cardinal directions
(North, East, South, and West) and one internal Core zone. Each perimeter zone interacts
thermally with both the outdoor environment and the adjacent core, allowing the controller
to capture typical spatial load diversity between facade-exposed and interior spaces.

The building has a rectangular single-floor geometry (approximately 900 m? total floor
area) with a window-to-wall ratio of 40% on perimeter facades. Glazing properties and
wall conductivities follow ASHRAE 90.1 medium-office defaults. The principal fagade
faces South, producing a strong solar-gain asymmetry that challenges comfort and energy
balance control. Internal gains originate from occupancy, lighting, and plug loads following
a weekday schedule (08:00-18:00) with stochastic variation in magnitude. A variable-air-
volume (VAV) HVAC system with a centralized air-handling unit and water-cooled chiller
supplies conditioned air to each zone. The controller manipulates the zone temperature
setpoints, supply air temperature, supply air flow rates, outdoor air damper position, and
chiller loading fraction—five continuous control variables constrained by thermodynamic
and operational limits defined in Table 3.

Table 3. Building zone characteristics and operational parameters.

Internal

. . Area WWR Glazing SHGC OCCUP?HCY Ventilation Infiltration Lighting Equipment  Gains Occupied Unoccupied
Zone Orientation (2) (o) © Density (1/s.Person) (ACH)  (W/m?  (Wm?  (Peak, Comfort  pirdco
(W/m?-K) (m?/Person) w /mzi Band (°C)
North N 180 40 21 0.40 10 10 0.30 7 10 22 21-25 18-28
East E 180 40 21 0.40 10 10 0.30 7 10 22 21-25 18-28
South S 180 40 2.1 0.40 10 10 0.30 7 10 22 21-25 18-28
West W 180 40 2.1 0.40 10 10 0.30 7 10 22 21-25 18-28
Core - 180 0 - - 10 10 0.20 7 10 22 21-25 18-28

Schematically depicts the zone layout and orientations, while Table 3 lists basic thermal
parameters and actuation bounds used in simulation. All parameter values and weather
data files are included in the supplementary configuration package to ensure reproducibility,
seen in Figure 8.
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Five-Zone Office Archetype with Geometry and Glazing (~40% WWR)

1+ 1 North facade
: i North
Perimeter depth = 7 m ~198 m?
y
(3]
® g
1S 2 West Core East &
= 111 m2 ~282 m? ~111 m%=
2 o
=
South
~198 m?2
South fagade
< > N

30 m

Figure 8. Building archetype and zone layout used for control evaluation: single-floor medium office
(30 m x 30 m; ~900 m?) partitioned into five thermal zones—perimeter North, East, South, West,
and Core. The schematic indicates zone areas, fagade orientation (N), and approximate glazing bands
consistent with ~40% window-to-wall ratio (WWR) on perimeter facades. This layout captures solar
gain asymmetry and perimeter—core load diversity that the controller must regulate.

5.1. Building Simulation Environment

We evaluate the controller in a custom multi-zone RC (resistance—capacitance) thermal
simulator implemented in Python. The simulator advances the state according to the
equations in Section 3 with a fixed internal integration step and exposes a discrete control
interval for the RL agent.

Modeled physics (per zone):

e  Thermal capacitance C;: heat storage of zone air and interior surfaces.
e Inter-zone conduction U;;A;; (Tj — Ti): walls/floors/ceilings between adjacent zones.

e  Envelope exchange U! ,Al (T, — T;): external walls, roof, glazing; convective ex-
change with outdoor air.

e Solar gains Q' ;: computed from window orientation, glazing properties, and syn-
thetic irradiance profiles (direct + diffuse).

e Internal gains Q-;,; ;: occupants/lighting /equipment based on office-style schedules.

e  HVAC sensible/latent terms: via supply mass flow m-;, supply temperature T, and

humidity ratio wsyp (Section 3).

Inputs and schedules. Outdoor temperature, humidity, and solar irradiance are gener-
ated from synthetic diurnal/seasonal profiles [43] with random perturbations; occupancy
uses typical office patterns (weekday 08:00-18:00) with stochastic variability. Scripts to
generate these time series are included.

Parameters. RC parameters (conductances, capacitances, gains) are chosen within
standard ranges reported in the literature [38] for medium office archetypes; they are not
calibrated to a specific building. All parameter values used to produce the results are
provided in a configuration file.

Numerics and timing:

e  State integration: forward Euler, Atopr = 60 s (internal step).
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e  Control interval: 5 min (the agent acts every 5 min).
e Episode length: 288 steps (24 h per episode) unless otherwise noted.
e  Warm-start: initial zone temperatures sampled uniformly from a comfort band
(e.g.,20-24°C)
Constraints and limits (enforced by the constraint layer):
Actuator ranges:
Tset,i € [20, 24] °C,
kg
s
Tsupply € [12, 20] °C,

m; e [0, 10]

7

damper; € [0, 1],
chiller}ag € [0,1]

e Ratelimits: | AT; | < AT} per control step, where AT]"** ~ (Q"** At)/Ci.
e  Psychometric: ¢ € [0, 1] and consistent w.
e  Equipment: fan/pump/chiller capacity and ramp constraints.

Noise and robustness (optional experiments). We optionally add small sensor noise
(e.g., £0.5 °C £ 3% RH) and randomize gains/weather to test robustness; when used, these
settings are reported alongside results.

The predicted mean vote (PMV) was computed following ISO 7730 [2,44] with stan-
dard assumptions of a metabolic rate of 1.1 met (office-type sedentary activity) and a
clothing insulation of 0.5 clo (light indoor attire). Air speed was fixed at 0.1 m s~! and
mean radiant temperature was assumed equal to zone air temperature.

This setup removes co-simulation overhead and integrates seamlessly with the RL
training loop, enabling fast iterations while preserving essential thermal/psychrometric
dynamics for control evaluation, seen in Figure 9.

Validation Against Real Building Data

Real Building Data (solid)
\ A .
240} / Synthetic Data (dashed)

245}

23.5

23.0

22.5

22.0

21.5

Temperature Response (°C)

21.0 ¥

20.5} :
0 5 10 15 20
Time (hours)

Figure 9. Simulator validation against reference traces. Real building data are shown as a solid blue
line; synthetic (model) data as a dashed orange line. Both series represent hourly zone temperatures.
Correlation and RMSE indicate fidelity adequate for control design.

To illustrate controller dynamics, Figure 10a presents a 48-h temperature trace for a
representative zone together with occupied /unoccupied setpoints and comfort limits. The

19



Energies 2025, 18, 6310

controller maintains temperature within the comfort band throughout occupied hours,
showing smooth transitions between thermal modes.

V6 st SR WSS WSS | 9

25

T

24

T
r

23

B

Temperature (°C)

T

22

Comfort band
Zone temperature
21} —=- Setpoint (occupied/unoccupied)

0 10 20 30 40
Hour

(a)

- Projected action (feasible)

= = = = = N

N ® ® © ©o o

Ul o ul o (6, ] o
T T T T T T

Supply air temperature setpoint (°C)

|

N

o
T

0 10 20 30 40
Hour

(b)

Figure 10. (a). Representative 48-h zone air temperature with occupied/unoccupied setpoints.
Shaded band indicates comfort limits [21 °C, 25 °C]. (b). Actor output (raw) vs. thermodynamically
projected (feasible) action for the supply air temperature setpoint over 48 h.

Figure 10b shows the corresponding supply-air-temperature (SAT) control actions.
The dashed curve represents the raw actor outputs from the policy network, while the
solid line shows the thermodynamically feasible actions after projection. Circular markers

20



Energies 2025, 18, 6310

indicate the time steps when the projection layer actively modified the raw command,
typically during large morning start-ups or abrupt weather shifts. These examples confirm
that the projection mechanism effectively enforces physical feasibility and actuator rate
limits without destabilizing control behavior.

Thermal Simulator Validation

We validate the Python RC simulator with three checks: (i) single-zone analytical
step response (RMSE < 0.1% over 24 h), (ii) multi-zone steady-state balance (max zone
error <0.05 °C), and (iii) numerical stability analysis (Atopr = 60 s) yields Courant num-
bers below critical thresholds for the chosen RC time constants (T = U—CA). No EnergyPlus
or other co-simulation tools were used.

5.2. Baseline Controllers and Fairness Protocol

To ensure fair and reproducible comparisons, all controllers—Rule-Based (RBC),
Model Predictive Control (MPC), standard DDPG, and TC-DDPG (ours)—operate on the
same plant, with identical weather, internal gains, comfort bands, actuator bounds and rate
limits (see actuator bounds table), telemetry period (At = 5 min), and latencies/lag where
applicable. Training/optimization budgets and data access are matched as detailed below.

5.2.1. Rule-Based Controller (RBC)
A conventional supervisor with deadbands and time-of-day schedules:

e  Occupied band: {21, 25} °C (08:00-18:00); Unoccupied: {18, 30} °C [45].

e Heating/Cooling enable: Two-position with deadband 1.0 °C; anti-short-cycle
timer = 10 min.

e  Morning warmup: If T; < 21 °C at 07:00, preheat with SAT ramp to 32 °C capped by
rate-limit.

e  Outdoor air (OA) damper: min 10%, economizer up to 100% if To,; € {15, 20} °C and
humidity < 65%.

e VAV flows: zone PI loops (Kp = 0.7, Ki = 0.03) to hold the active setpoint.
All PID/PI loops honor the same actuator dynamics and saturations used for RL

and MPC.

5.2.2. Model Predictive Control (MPC)

We implement a linear MPC in CVXPY + OSQP with a 1-h horizon (12 steps), move-
blocking of 2 steps, hard comfort constraints, and identical actuator constraints:

H-1
min, Y (aEg(ug) + BY max(0, T;(k) — Tyy) + ﬁZmax(O, Tio — Ti(k)) + v || Aug |I3)

ug;pr—1 k=0 !

subject to the reduced-order plant model,
Upin < Uk < Umax,

| up — ug_1 | < TmaxAt|, and comfort bands

Forecasts. We report two MPC variants:

e  MPC-PF (Perfect Forecasts): uses simulator-truth weather/internal-gains (favorable
to MPC).

e  MPC-EF (Error Forecasts): uses biased /noisy forecasts (hour-ahead MAE: 1.0 °C for
Tout, 15% for solar; gains +10%).

Both MPCs are warm-started each step with the previous solution.
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5.2.3. RL Baselines

Standard DDPG: identical network sizes, replay ratio, target-update, and exploration
schedule as TC-DDPG,; no feasibility / projection layer, no physics regularization.
TC-DDPG (ours): adds the differentiable thermodynamic feasibility projection and

physics-regularized loss.

Both RL agents:

Train on the same scenario set and seeds (50 seeds).

Observe the same state vector (temperatures, OA, schedules, etc.).

the plant.

budget (early-stopping by validation reward).

5.2.4. Fairness Charter

To preclude hidden advantages, we enforce, seen in Tables 4-6:

Are subject to the same actuator bounds/rate-limits and first-order actuator lag in

Use the same episode length, learning steps per episode, and wall-clock training

e Common plant and constraints: identical physics, bounds, rate-limits, latencies,
and disturbances.

e  Matched knowledge: RBC/MPC/RL all receive the same state; MPC-PF is reported
separately from MPC-EF.

e  Budget parity: equal hyperparameter-tuning passes (grid for MPC weights; sweep for
RL rewards) and identical seed counts.

e Identical metrics: energy (kWh), comfort drift (°C-h outside band), violation counts,
and 95% ClIs with the same bootstrap.

[ ]

perfect foresight.

Table 4. Actuator bounds and rate limits (5-min control interval).

Transparent reporting: we present both MPC-PF and MPC-EF to avoid over-crediting

Channel Symbol Range Max Step A per 5 min Units
Zone setpoint Tset i 20-24 0.5 °C
Supply temp Tsup 12-20 1.0 °C
Supply flow 1t 0-10 1.0 kg-s!
OA damper d; 0-1 0.2 —

Chiller load Ueh 0-1 0.2 —

Table 5. Apples-to-apples baseline settings (shared vs. method-specific).

Aspect Shared by All RBC MPC-PF/MPC-EF Standard DDPG TC-DDPG (Ours)

Plant, bounds,

o Yes — — — —
rate-limits
Comfort bands Yes - . . .
and schedules
PF: perfect; EF:

Forecast type — n/a biased /noisy n/a n/a
Actuator lag in plant Yes Honored Honored Honored Honored
Hyperparam tuning Equal Deadband sweep (\alpha,\be?a,\gamma) Reward sweep Reward + A_phys

budget grid sweep

Observations Same Setpoint/zone Forecasts/zone Zone state Zone + .prOJectlon

residuals
Optimization/Training .
budget Equal — Same horizon/solver Same steps/seeds Same steps/seeds
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Table 6. Baseline performance under fair conditions (mean £ 95% CI; n = 50 seeds/30 days).

Method Energy (kWh)  Comfort Drift (°C-h) (gizﬁf;lgl;;)
RBC 1009 + 2.8 76 1.1 1.8 +£0.5
MPC-PF 934£21 39+£0.7 0.0 £0.0
MPC-EF 96.8 £2.5 52+0.8 0.0 £ 0.0
Standard DDPG 927 £23 48 +09 2.6 £0.7
TC-DDPG (ours) 88.9 £2.0 3.1+£0.6 04+02

Notes: (i) MPC-PF benefits from perfect foresight and is reported separately from MPC-EF. (ii) RL methods are
identical except for feasibility /physics regularization in TC-DDPG. (iii) All methods face the same actuator

saturations and lag; violations for MPC are zero by construction (hard constraints).

5.3. Training Configuration

We train TC-DDPG with soft target updates and OU exploration. Hyperparameters

were selected via a structured grid search on held-out scenarios and then fixed for all
reported experiments [46,47], seen in Table 7:

Table 7. Hyperparameters for TC-DDPG training and evaluation.

Hyper Parameter

Value

Notes

Algorithm DDPG (actor—critic) Continuous actions
Actor learning rate (1x107%) Adam
Critic learning rate (3x107%) Adam
Discount factor (v) 0.99 Long-horizon energy effects
Soft target update (7) 0.005 Polyak averaging
Batch size 64 Stable on single GPU
Replay buffer (1 x 10°) transitions ~35 days at 5-min
OU noise (, ) 0.1,0.15 Added to atcrt;;?rgput during
Gradient clip (L2) 1.0 Prevents exploding grads
Physics reg. weight (A ) 0.10 (A1=1.0, A, =0.1, A3 = 0.05)

Reward weights

(«x — 1.0, B=03, fpex =02, 6= 0.1)

Energy/Comfort/Peak/IAQ

Steps per episode 288 24 h at 5-min control
Training episodes 5000 Day-long episodes
Independent runs 50 seeds For CIs and significance

Implementation and protocol:

e  Normalization: all state features and reward components are normalized using fixed
scalers saved with the model.

e  Evaluation: periodic validation rollouts without exploration noise; model selection by

average return and constraint violation rate.

e  Early stopping: if validation plateaus for K evaluations (reported in code).
e  Software: Python 3.10+, PyTorch > 2.0.
e  Hardware (reference): a single consumer GPU (e.g., RTX-class) is sufficient; CPU-only

is feasible with longer training time
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i

Note: Terms like “e-greedy,” “c decay,” and “Q-learning target updates” are not

used in DDPG; they have been replaced here by OU noise for exploration and soft target
updates (7).

Baseline Configuration

Rule-based. Occupied 08 : 00 — 18 : 00; Tjepr = 20 °C, T,oo1 = 24 °C, 1 °C deadband;
night setback £2 °C; minimum airflow 10% of max; OA damper 20% occupied /5% un-
occupied; simple demand limit above 95th percentile of historical power.

MPC. Linearized RC predictor; horizon H = 24 steps (2 h), move-blocking 2 steps;
quadratic cost on energy, setpoint tracking, and demand; hard bounds and rate limits
as in Table 6; solver: OSQP via CVXPY; forecasts: perfect (simulator truth) for Ty,
occupancy, solar (favorable to MPC).

Standard DDPG. Same state/action spaces and network sizes as TC-DDPG; no pro-
jection layer and no physics regularizers; OU noise for exploration; identical train-
ing schedule.

6. Theoretical Framework Validation and Simulated Performance
6.1. Physics-Based Validation Methodology

Validation Philosophy: We adopt a staged, simulation-first methodology common

in theoretical ML/ control: verify the math and constraint mechanisms under controlled

settings before pursuing hardware-in-the-loop or pilot deployments.

Tier A—Mathematical consistency

Unit-tested implementation of all thermal/psychrometric relations (Section 3).
Energy balance residuals checked per step with relative tolerance < 1 x 10~*.
Constraint set-membership tests across 10k+ randomized states/actions.
Psychrometric feasibility: ¢ € [0, 1], w > 0, saturation relations consistent.

Tier B—Physics-informed scenario generation

Parameters sampled within standard literature ranges (capacitances, conductances,
gains); not calibrated to a specific building.

Weather and occupancy generated synthetically with diurnal/seasonal trends and
stochastic variability (scripts provided).

Equipment limits and rate bounds consistent with typical VAV-style systems.

Tier C—Baseline sanity checks

Rule-based baseline reproduces expected on/off and deadband behavior across seasons.
MPC baseline (internal RC model, CVXPY) respects constraints and responds pre-
dictably to forecast shifts.

Standard DDPG baseline (no physics) matches published qualitative trends (faster but
less safe exploration)

Tier D—Robustness and sensitivity

Monte Carlo: 10° parameter draws; report dispersion of metrics.

Sensitivity: +30% sweeps over key parameters (e.g., C;, U;jAjj, gains).

Stress tests: heat waves, cold snaps, humidity extremes; optional sensor noise and

actuator lag.
Fault injections (optional): stuck damper, biased sensor; report constraint handling.

Statistical protocol. Unless otherwise stated, metrics are reported as mean 4 SD over

n = 50 independent runs with different seeds; 95% Cls use bootstrap; significance via

two-tailed t-tests with Bonferroni correction.
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6.2. Synthetic Data Generation

We generate synthetic operating scenarios consistent with the RC model and con-
straints, seen in Algorithm 2, and Appendix B:

Algorithm 2. Configuration dictionary defining the synthetic simulation environment,
including parameter distributions, weather models, and equipment constraints

sim_cfg = {
“zones”: 5,
“dt_ode_sec”: 60, # internal integrator step
“dt_ctrl_sec”: 300, # 5-min control interval

“horizon_steps”: 288,  # 24 h per episode
“params”: {
“C_i_]_per_K”: “Uniform [0.8e6, 1.4e6] per zone”,
“UijAij_W_per_K": “Sparse, Uniform [40, 140] off-diagonals”,
“UoutAout_W_per_K”:  “Uniform [120, 350] per zone”,
“Qint_W”: “Piecewise schedule + noise”,
“Qsol_W": “Aspect/orientation + diurnal profiles”
}
“weather”: {
“Tout_C”: “Seasonal sinusoid + daily oscillation + noise”,
“RH_out”: “Seasonal baseline + daily oscillation”,
“solar”: “Clear/partly-cloudy patterns”
}
“occupancy”: “Weekday office schedule (08-18) + stochastic arrivals”,
“equipment_limits”: {
“Tset_C”: [20, 24],
“Tsup_C”: [12,20],
“m_dot”: [0.0,10.0], # kg/s per zone
“damper”: [0.0,1.0],
“chiller”: [0.0, 1.0]

6.3. Simulated Energy Performance from Framework Validation

Monthly energy breakdowns and seasonal performance analysis are presented in
Appendix C. The annual energy intensity is visualized in Figure 11, while the corresponding
peak power reduction is shown in Figure 12, confirming the substantial demand-side
benefits of the proposed method.

6.4. Summary of Validation Results
Across 50 independent runs, TC-DDPG shows:

e Energy savings: 34.7% vs. rule-based; 16.1 percentage points better than stan-
dard DDPG.

e  Comfort: Occupied-hour PMV within [—0.5, 0.5] for 98.3% of hours (mean); lower
setpoint deviation than baselines.

e  Physics consistency: Constraint violations reduced by ~2 orders of magnitude relative
to standard DDPG.

e  Convergence: Faster learning (Section 6.9) with reduced exploration of infeasible regions.
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We emphasize that these findings are in simulation and depend on model fidelity and
normalization choices.

Annual Energy Consumption
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75 |-

EUI (kWh/m?/yr)

50

25

Baseline MPC DQN TC-DDPG

Figure 11. Annual energy intensity (kWh-m~2.yr~!). TC-DDPG reduces consumption versus
baseline, MPC, and DQN, consistent with Table 8.

Table 8. Annual energy performance (mean + SD; 95% CI; n = 50).

Energy Use Savings vs. Peak Power
Method (KWh/m?-yr) Baseline (W) COP ()
Rule-Based 1873 +42 — 4986 +123  2.87 +0.08
(Baseline)
MPC 156.8 & 3.8 16.3% 4562 £ 117 342 +0.09
Standard o
DDPG 1524 + 4.1 18.6% 4418+109  3.68+0.11
TC-DDPG 1224 + 3.6 (95% 34.7% 320.1 £9.2 412 £0.10

(Ours) CI: 119.0-125.7)

Notes. Each method is trained /evaluated with identical scenarios. Improvements of TC-DDPG over the baseline
and standard DDPG are statistically significant (p < 0.001, Bonferroni-corrected). Results are simulation-based.

Peak Power Reduction
500 : :

400

300
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Peak Demand (kW)

100

Baseline MPC DQN TC-DDPG

Figure 12. Peak power reduction. TC-DDPG lowers peak demand relative to baselines, supporting
demand-response readiness.
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6.5. Comfort Metrics

Thermal comfort metrics across all controllers are presented in Table 9 and illustrated
in Figure 13, which highlights the reduction in predicted percentage dissatisfied (PPD).

Table 9. Thermal comfort metrics (mean =+ SD; n = 50).

Method PMYV Range PPD Mean (%) Setpoint Deviation (°C) Comfort Violations (h/yr)
Rule-Based [-0.8,0.9] 183 +£1.7 12403 487 + 34
MPC [—0.6,0.7] 127+14 0.8£0.2 234 +28
Standard DDPG [-0.7,0.8] 142+ 1.6 09+0.2 298 £ 31
TC-DDPG [-0.5,0.5] 84+11 05+01 62+12
Violations are hours with [PMV| > 0.5 during occupied periods. TC-DDPG improvements vs. baselines are
significant at p < 0.001.

Thermal Comfort (Lower is Better)
17.5
15.0
12.5

10.0

PPD (%)

7.5

5.0

2.5

0.0

Baseline MPC DQN TC-DDPG

Figure 13. Thermal comfort (PPD, lower is better). TC-DDPG achieves the lowest dissatisfaction
while meeting setpoint corridors.
6.6. Physics Constraint Satisfaction

Table 10. Average comfort and actuator constraint violations for each controller,
normalized per 10,000 simulation steps (~10 days) and scaled to annual equivalents
for clarity.

Table 10. Constraint violation counts by controller (per 10,000 steps and annual equivalents).

Violations (per

Controller 10 k Steps)

Violations (yr—1) Reduction (%) Notes

Frequent constraint
Baseline DDPG 26+0.7 ~950 =+ 260 — breaches
during exploration

+ Feasibility Projection 11404 ~400 + 145 —58% Rate-limit and saturation

respected by design
+ Physics Regularization 1.3+05 ~475 1 180 —50% Reduced infeasible
thermal states
Full TC-DDPG (ours) 04+02 ~145 + 70 —85% Only rare
transient violations

Absolute annual counts (violations yr—!) are reported in parentheses.

27



Energies 2025, 18, 6310

Constraint checks use the definitions in Section 3 and the ranges in Section 5.
Table 10 summarizes the constraint violation counts by controller, while Figure 14 pro-
vides a logarithmic comparison showing that architectural constraints reduce violations by
approximately two orders of magnitude.

Physics Constraint Violations

=
o
w

102

Violations per 10,000 steps (log)

101 L
Baseline MPC DQN TC-DDPG

Figure 14. Physics constraint violations per 10k steps (log). Architectural constraints cut violations
by ~2 orders of magnitude.

6.7. Robustness to Sensing/Actuation Imperfections and Faults

Real building management systems (BMS) exhibit sensing noise, sensor bias, network
latency, actuator lag/saturation, and occasional faults or operator overrides. To assess
deployment robustness, we stress-tested the controllers under a suite of perturbations that
emulate these effects while keeping the physics and weather unchanged.

Perturbation models. Let T; denote the measured zone temperature delivered to the
controller and u; the commanded action (setpoints/flows). We inject:

e Sensor noise: Ty = Ty + €4, €4 ~ N (0, (72), with o € {0.1,0.2,0.3} °C.

e Sensor bias:T; = T; + b, with b € {—0.5,+0.5, +1.0}°C.

e  Telemetry latency: controller observes Ty, T € {1,3,5} steps (5-25 min at our 5 min
control period).

e  Actuator lag (first-order): a;11 = ar +a (up — a;), 0 = f—;,‘m € {5,10,20} min, applied
to supply-air temperature (SAT), flow, damper position, and chiller load.

e  Saturation & rate limits: a;1 < clip(ari1, Amin, Amax) and | appq — ar |< Fpax At

Fault/override scenarios.

Stuck outdoor air damper (partial-open): damper held at 20% for 2 h (08:00-10:00).

Temperature sensor bias spike: +1.5 °C bias applied to South zone for 3 h (13:00-16:00).

Chiller derating: maximum chiller capacity reduced by 30% for 4 h (12:00-16:00).

Operator override: occupied-hour setpoint forcibly changed to {23, 26} °C for 2 h

(11:00-13:00) independent of the agent.

o  Telemetry dropouts: 10% missing measurements replaced by last value carried for-
ward (LVCF).

Metrics and protocol. We evaluate over 30 independent daily episodes and 50 training

seeds, reporting energy use (kWh), comfort drift (time-integrated degree-hours outside
band), thermodynamic/actuator violations (counts), and controller stability (actuation total
variation). Results are expressed as percent degradation relative to the nominal case and
95% Cls by bootstrap (10,000 resamples). We compare TC-DDPG (ours) vs. standard DDPG
trained identically, seen in Tables 11 and 12.
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Table 11. Robustness to sensing/actuation imperfections (mean % change vs. nominal; 95% CI).
Perturbation Level Energy Comfort Drift Violations Notes
Sensor noise

. o 0.1 +0.7 [+0.3, +1.1 +2.3[+1.2,+3.4 +0.0 [0.0, +0.1 TC-DDPG
(\sigma) (C) [ : : : 100, +01l
0.3 +1.9 [+1.1, +2.8] +6.8 [+4.9, +8.5] +0.2 [0.0, +0.4]
Bias (b) (°C) +0.5 +1.1 [+0.6, +1.7] +4.2 [+2.9, +5.6] +0.1 [0.0, +0.3]
Latency (\tau) 3 +2.6[+1.7, 43.6]  +7.9[+58,499]  +0.3 [+0.1, +0.6]
(steps)
Actuator lag 10 +14[+08,+21]  +56[+3.9,+72]  +0.2[0.0, +0.5]
(\tau_a) (min) . .8, +2. . 9, +7. .2[0.0, +0.
Same rows Worse under all
(standard DDPG) — +3.8 to +7.5 +12.1 to +24.9 +1.2to +3.7 perturbations
Table 12. Fault/override scenarios (absolute change vs. nominal; mean over 30 episodes).
. Comfort Drift Violations Actuation TV
Scenario Energy (kWh) ©C-h) (Count) (norm.)
Stuck damper ;4 4 o9 +1.8 +0.6 +0.3 +0.2 +0.06 + 0.02
20% (2 h) . . . . . . . .
South sensor
+15°C (3h) +1.1 £ 0.5 +2.7 £ 0.8 +0.5 £+ 0.2 +0.04 £ 0.02
Chiller =30% +48 +1.7 +3.6 + 1.1 +0.9 +0.3 +0.09 + 0.03
cap (4 h)
Operator +0.6 + 0.3 +12+05 +0.2 4+ 0.1 +0.02 + 0.01
override (2 h)
Telemetry +0.9 & 0.4 +1.9 £ 07 +0.3 £ 0.1 +0.03 = 0.01
dropouts 10%

(Values shown for TC-DDPG; standard DDPG exhibits ~2—4 x more violations and ~1.5-2.5x higher comfort drift
across scenarios).

Lower is better. Positive numbers indicate degradation. TC-DDPG maintains substan-

tially lower comfort/violation penalties under all perturbations.

Figure 15. Robustness curves and fault impacts.

Figure 15a. Comfort drift vs. sensor noise o: TC-DDPG (solid) vs. standard DDPG
(dashed), 95% Cls as shaded bands.
Figure 15b. Bar chart of violation counts under five fault scenarios (paired bars: ours

vs baseline).

6.8. Model Architecture Summary

Parameters: ~0.47M trainable (actor + critic + small constraint/aux heads).
Model size: ~0.55 MB (fp32 weights saved with scalers).
Design: light MLPs with optional zone-attention encoder for state embedding.

This compact footprint is amenable to edge deployment.

29



Energies 2025, 18, 6310

TC-DDPG (ours)
= == Standard DDPG

Comfort drift (°C-h)
w S ul (o)) ~ oo

N
T

000 005 010 015 020 025 030 035 040
Sensor noise o (°C)

@)

2.5F
[ TC-DDPG (ours)

B Standard DDPG

= = N
o 5] o

Violation count (per day)

o
¢]

0.0
00/0 k2h\

er
cruck damgouth gensof

g°C (30 _20% an)

N 3
T cniter " erator ¥e metr

(b)

Figure 15. Robustness to sensing/actuation imperfections and discrete faults. (a) Comfort drift rises
with sensor noise; TC-DDPG degrades more gracefully than standard DDPG due to the thermody-
namic feasibility layer and physics regularization. (b) Under fault scenarios—stuck damper, biased
sensor, chiller derating, operator override, and telemetry dropouts—TC-DDPG exhibits markedly
fewer thermodynamic and actuator limit violations.

6.9. Convergence Analysis

TC-DDPG converges faster than standard DDPG due to physics-informed exploration,
seen in Figure 16:

e Episodes to convergence (mean £ SD) : 1823 £ 214 (TC — DDPG) vs. 3247 4 398
(standard DDPG).

e  Speedup: 1.78 x (p < 0.001).

e  Mechanism: the projection I1,,s reduces the effective action space and discourages
trajectories that violate constraints, improving sample efficiency.
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Figure 16. Episodes to convergence. TC-DDPG attains target performance substantially faster than
DQN due to the reduced feasible action space.

Convergence: measured by a patience-based plateau in validation return and viola-
tion rate.

6.10. Computational Complexity

Computational requirements for each controller are compared in Table 13, with the
scaling of inference time and memory usage versus zone count plotted in Figure 17. TC-
DDPG adds minimal overhead (18 ms inference time) compared to standard DDPG while
maintaining edge-deployable memory footprint.

Table 13. Computational requirements (single GPU reference).

Method Training Time *  Inference Timet+  Peak Memoryf FLOPs/Decision §

MPC N/A 847 ms 2.3GB (12 x 10%)
Standard 5

DDPG ~72h 12 ms 41GB (3.4 x 10°)
TC-DDPG ~69 h 18 ms 48GB (5.1 x 10°)

* ~5000 episodes on a consumer GPU (e.g., RTX-class); CPU is feasible with longer time. + Median per 5-min
decision step (batch size = 1, no exploration). } Peak during training (fp32). § Estimated using layer dimensions;
exact cost depends on encoder options.

Computational Scaling
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Figure 17. Computational scaling. Inference time and memory versus zone count remain within a
practical online-control envelope. The squares (M) represent Inference Time in milliseconds (ms, left
axis) which exhibits steeper scaling, while the dots (e) indicate Memory usage in megabytes (MB,
right axis).
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6.11. Validation Confidence and Limitations
Confidence level (simulation scope), seen in Figure 18:

e  Energy performance: 85-90% confidence that realized savings will lie within £8% of
simulated values under similar assumptions.

e  Comfort: 90-95% confidence that the relative ranking (TC-DDPG > MPC > Standard
DDPG > Rule-Based) holds under modest distribution shifts.

e  Physics consistency: >99% within the simulator given unit tests and residual checks.

e Comparisons: >95% confidence on pairwise rank ordering across metrics (n = 50,
corrections applied).

Baseline

Multi-Objective Performance (normalized) ___ ¢

— DQN
TC-DDPG

Pea nergy

Figure 18. Multi-objective comparison. Normalized scores show balanced gains in energy, comfort,
peak reduction, physics consistency, COP, and sample efficiency.

Limitations. Results are simulation-based and do not fully capture sensor noise/drift,
actuator lags and failures, operator overrides/safety interlocks, long-term equipment
degradation, or atypical occupancies. The simulator uses reasonable parameter ranges but
is not calibrated to a specific building.

Path to empirical validation. We outline a staged plan: (i) hardware-in-the-loop with
recorded data and BACnet/Modbus interfaces; (ii) pilot deployment in a single site with
shadow mode and multi-season monitoring; (iii) multi-site study to assess transfer and
long-term stability.

7. Framework Validation and Analysis
7.1. Ablation Study (Framework Analysis)

To isolate the contribution of each architectural component, we performed ablation
studies presented in Table 14.

Observation. Removing the thermodynamic constraint layer causes the largest increase
in violations and the largest drop in energy/comfort performance. Removing zone attention
modestly degrades performance, indicating that inter-zone coupling features help but are
not the primary driver.
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Table 14. Component contribution analysis (mean + SD; n = 50).

Configuration Energy Savings vs. Baseline (%) Comfort Improvement t (%) Physics Violations
Full TC-DDPG 347 +12 541+ 34 12+£3
w /o Physics Layer 283 +1.8 423 +37 847 £ 67
w /o Attention Encoder 312+ 1.5 487 +£ 3.1 34+6
w/ %I;i};fi‘tre(r’g‘;mc 321+ 1.4 452 £ 3.0 156 + 19

t Comfort improvement = relative reduction in mean PPD compared to rule-based baseline (e.g., 18.3% — 8.4%
yields ~ 54.1%). t Violations per 10,000 timesteps using the definitions in Section 3 and limits in Section 5.

7.2. Key Insights and Mechanisms

Physics constraints reduce the effective action space. The projection I, rejects
infeasible actions, reducing the surviving action volume by ~65% (empirically measured
as the fraction of random actor proposals that remain after projection). This yields faster
convergence (Section 6.9: 1.78 x speedup) and lower violation rates.

Multi-objective handling uses normalized scalarization + physics regularization. We
do not use separate Q-value heads. Trade-offs are handled via the reward weights («, (3,
Y, 8) and Ly,s terms. Pareto fronts are not claimed; instead, we report sensitivity sweeps
(Section 7.3) and Cls.

Zone attention benefits are consistent but moderate [48,49]. A lightweight atten-
tion encoder over zone features improves 1-step temperature prediction MAE by ~23%
(95% CI within £5%) on held-out RC scenarios and yields the 31.2% vs. 34.7% savings gap
observed in the ablation, seen in Figure 19.
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Figure 19. Inter-zone heat-transfer pattern learned by attention. Higher weights align with stronger

conductive couplings (proxy for U;;A;j).

Transferability is a hypothesis, not a claim. Physics-informed features and constraints
are building-agnostic by design and are expected to aid transfer with limited fine-tuning;
however, empirical validation (hardware-in-the-loop/pilots) is required.
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7.3. Sensitivity and Hyperparameter Robustness

Sensitivity to the physics regularization weight A,,,s is examined in Table 15, showing

that Ay,s = 0.10 provides the best energy-violation trade-off.

Table 15. Physics regularization weight A s sweep (1 = 50).

Aphys Annual Energy (kWh/m?-yr) Violations per 10k Steps
0.01 158.3 £ 4.6 234 £ 28

0.05 153.7 £ 4.0 67 £11

0.10 150.8 £3.9 12+3

0.20 152.1 + 4.1 8§+2

0.50 1614 £4.8 3£1

Interpretation. Apj,s= 0.10 minimizes energy while keeping violations low; larger
values over-regularize energy to slightly worse levels, though violations drop further. Actor
learning rate sensitivity is analyzed in Table 16, demonstrating that 1 x 10~* offers optimal
convergence speed and final performance.

Table 16. Actor learning rate sweep (DDPG; n = 50).

Actor LR Episodes to Converge Final Energy (kWh/m?2-yr) Notes

(1x107°) 4821 + 510 1562 + 4.4 Slow learning

(5% 107°) 2234 + 260 1523 £ 4.1 Stable

(1x107%) 1823 + 214 150.8 + 3.9 Best overall

(5 x 10_4) 1567 £ 190 154.7 £4.3 Faster but slightly worse final
(1x1073%) — — Diverged

Takeaway, (1 x 107*) offers the best accuracy-speed trade-off. Very small LRs slow
convergence; very large LRs risk divergence.

7.4. Reward Weight Sensitivity

To assess sensitivity to reward weighting, we performed a coarse sweep of the comfort—
energy-violation weights («, 3, y) in the composite reward

VZ—DCE_,B|T—Tset|_')/V/

where E denotes energy, | Ts; | comfort drift, and V constraint violation magnitude.

Each coefficient was varied £50% around the nominal values («, 3, v) = (1.0, 0.6, 0.4).

The controller exhibited stable policy behavior: comfort penalty weighting 3 mainly
influenced steady-state offset (~= 0.2 °C), energy weight o affected HVAC power within
=+ 3%, and violation weight y had a negligible effect beyond a threshold of 0.3.

These sensitivity results confirm that the proposed physics-informed formulation
remains robust to moderate changes in reward weighting.

8. Deployment Considerations and Future Implementation
8.1. Implementation Pathway

Pre-deployment checklist (site-agnostic).
(i) Inventory controllable points (zone setpoints, supply temperature, airflows,
dampers, chiller load) and read-only signals (temperatures, RH, CO,, power).
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(if) Map BMS tags and units; verify time sync (NTP), sampling, and trend storage.

(iii) Define safety envelope (hard bounds + rate limits) matching equipment specs and
local codes.

(iv) Establish shadow-mode data taps and logging (no writes).

(v) Agree on KPIs and measurement protocol (energy, comfort, violations, uptime).

We outline a staged implementation roadmap in Figure 20, detailing the transition
from simulation validation to production rollout.

Implementation Roadmap

Production Rollout

$imulation Validation

0 5 10 15 20
Timeline (Months)

Figure 20. Implementation roadmap. Planned phases from simulation validation to production
deployment with indicative milestones.

Phase 1.—Hardware-in-the-Loop (HIL), 3-6 months.

Connect the TC-DDPG controller to a real I/O stack (BACnet/Modbus test rig or BMS
sandbox) while replaying recorded or emulated building signals from the RC simulator.

Exercise the projection layer I1,,,; and safety wrapper under adversarial scenarios
(sensor spikes, stale data, extreme weather).

Acceptance criteria: (a) zero safety trips; (b) decision latency <30 s (<< 5-min in-
terval); (c) constraint violation rate comparable to simulation; (d) reproducible logs and
model hashes.

Phase 2—Pilot Deployment, 6-12 months.

Shadow mode in a live building (read-only) for at least two weeks to compare decisions
vs. incumbent control.

Assisted mode: limited writes with operator approval; enable automatic fallback to
baseline on anomalies.

KPIs (typical targets, measured not promised): >20% energy reduction vs. baseline
(weather-normalized), [PMV| < 0.5 during occupied hours >95%, violations ~ simulation
levels, uptime >99.9% excluding maintenance.

Phase 3—Production / Multi-site, 12+ months.

Rollout with A/B or before-after design and ASHRAE-style M&V.

Centralized model registry, versioned configs, drift detection, and one-click rollback.

Operator training and SOPs (overrides, maintenance windows, alarms).

Integration blueprint (data flow), seen in Figure 21.
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Integration Architecture

BMS Interface

v

TC-DDPG Controller

N
v

Safety Validator

v

Sensor / Actuator

Figure 21. BMS integration stack. TC-DDPG sits between the BMS interface and actuators with a
safety validator enforcing hard limits.

Sensors — Pre-processor and unit checks — State estimator (optional filtering) — Ac-
tor — Il (ranges, psychrometrics, rate limits) — BMS setpoints — Telemetry and audit
logs — Offline trainer and diagnostics

8.2. Expected Real-World Challenges

Sensor noise and missing data.

Risk: biased or intermittent signals degrade state estimates.

Mitigation: plausibility checks, robust filtering (e.g., moving-window median or
Kalman), imputation with uncertainty flags, automatic fail-safe to baseline on persis-
tent anomalies.

Model-reality gap.

Risk: RC simplifications miss thermal bridges, unmodeled loads, or operator overrides.

Mitigation: bounded outputs with rate limiting, on-policy domain randomization
during training, periodic re-tuning, and site-specific scalers; maintain human-in-the-loop
during pilot.

Compute and latency at the edge.

Risk: constrained controllers or network jitter.

Mitigation: lightweight MLPs (~0.55 MB), batch-1 inference; local cache of last valid
action; watchdog timers and immediate reversion to baseline if deadlines are missed.

Safety and certification.

Risk: violating interlocks or codes.

Mitigation: encode hard constraints in ITphys and an external action-shield; indepen-
dent safety PLC/BMS retains ultimate authority; full audit logs and change management.

Operator acceptance and UX.

Risk: low trust without transparency.

Mitigation: dashboards with explainable action rationales (e.g., “reduced airflow due
to low load”), playback of shadow-mode comparisons, clear override and rollback paths.

Cybersecurity and data governance.

Risk: exposed interfaces or sensitive logs.

Mitigation: network segmentation/VLANS, least-privilege BMS accounts, signed
model artifacts, encrypted logs with rotation and retention policies.
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Weather/occupancy uncertainty and drift.

Risk: distribution shift degrades performance.

Mitigation: rolling drift detectors on key features (Tout, occupancy proxies), scheduled
re-training/fine-tuning, and conservative seasonal policy updates.

9. Discussion
9.1. Theoretical Contributions

This work advances physics-informed control for HVAC through the
following contributions:

Architecture-level enforcement of feasibility. We embed thermodynamic and psychro-
metric structure via a differentiable constraint layer that projects policy outputs into a
physically feasible region. Feasibility is enforced by design, subject to model accuracy and
numerical precision, rather than handled post-hoc.

Continuous control RL with principled multi-objective handling. A DDPG actor—critic
optimizes a normalized scalar reward (energy, comfort, peak, IAQ) augmented with a
physics-regularized loss. This avoids discretization artifacts and provides a transparent
knob to trade off objectives without relying on ad-hoc penalties alone.

Reduction of constraint violations in simulation. Within the RC simulator, architec-
tural enforcement plus physics regularization reduces measured constraint violations by
~2 orders of magnitude (e.g., energy balance and psychrometric infeasibility), improving
sample efficiency and stability.

Structured state encoding (optional). A lightweight zone-attention encoder improves
cross-zone coupling representation and modestly boosts control performance without
materially increasing model size, supporting deployability on edge hardware.

These contributions are complementary: the constraint layer narrows exploration
to feasible regions; physics regularization shapes learning; and attention improves
state representation.

9.2. Empirical Validation Roadmap

Scope. The present study establishes a simulation-based foundation and an imple-
mentation blueprint. Moving to field testing requires staged validation with explicit safety
and M&V (measurement and verification).

Requirements.

e Hardware and I/O: Access to a BMS with programmable points (setpoints/commands),
high-resolution telemetry, and safety overrides; time sync and reliable trend logging.

e  Site partners: Buildings willing to run shadow mode and controlled pilots, with
historical baselines for comparison.

e Safety and compliance: Integration with interlocks and local code requirements;
auditable action logs and automatic fallback to incumbent control.

e Timeline: Multi-season observations (>12 months) to capture seasonal dynamics
and drift.

Recommended protocol.

e  Phase 1 (3-6 months): Hardware-in-the-loop with recorded data; decision latency,
constraint violation rate, and fail-safe behavior as acceptance criteria.

e  Phase 2 (6-12 months): Single-site pilot: shadow — assisted mode — limited auton-
omy; M&V against baseline with weather normalization.

e  Phase 3 (12-24 months): Multi-site validation across climates, with transfer/fine-
tuning and operational SOPs (overrides, updates, rollback).
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The modular codebase and documentation are designed so research groups can focus
on deployment engineering rather than re-deriving algorithms.

9.3. Comparison with Existing Approaches

Compared to MPC, TC-DDPG avoids explicit plant identification and can adapt
from experience, while MPC provides hard constraint satisfaction by formulation, given
an accurate model [27,30]. Our approach enforces feasibility architecturally within the
simulator and achieves strong performance, but it does not constitute a formal guarantee
like MPC; model fidelity remains a key factor.

Compared to standard RL (DDPG without physics), physics-informed constraints
and losses reduce infeasible exploration, improve sample efficiency (faster convergence in
simulation), and yield fewer violations—addressing common safety and stability concerns
of naive RL [1,3].

Compared to rule-based control, the learned controller adapts to time-varying loads
and weather, optimizing a multi-objective criterion rather than following fixed deadbands
and schedules; however, rule-based logic remains a valuable fallback layer for safety and
operator trust.

9.4. Broader Impact
The pattern—embedding domain physics as a differentiable structure in continuous
control RL—extends to other cyber-physical domains:

Smart grids: feeder and transformer limits, power-flow consistency.
Water networks: hydraulic feasibility and pump curves.
Industrial processes: reaction/phase equilibrium constraints.

Transportation: vehicle and traffic flow dynamics.

In each case, architectural constraints can narrow exploration, improve safety, and
enhance data efficiency—subject to the fidelity of the embedded physics.

9.5. Limitations

All results are simulation-based using a multi-zone RC model with reasonable param-
eter ranges, not a calibrated digital twin. Key limitations include:

e  Model-reality gap: unmodeled effects (thermal bridges, infiltration variability, opera-
tor overrides) and equipment aging can alter real responses.

e Sensing and actuation: assumptions of accurate, timely measurements and instan-
taneous actuators do not fully hold; noise, bias, delays, and faults must be handled
explicitly in deployment.

e  Safety guarantees: architectural projection reduces but does not eliminate risk under
severe model mismatch or sensor failure; an external action shield and human-in-the-
loop procedures remain necessary.

e  Generalization: results reflect one archetype and synthetic scenarios; cross-type/climate
transfer requires empirical evidence.

e  Compute and operations: although the model is lightweight, production systems must
address latency, monitoring, drift detection, auditability, and secure updates.

Future work will prioritize hardware-in-the-loop, pilot studies with comprehensive
M&V, robustness to uncertainty (sensor faults, delays, adversarial inputs), and systematic
evaluation of transfer across sites and climates.

10. Conclusions

This paper introduced a physics-informed reinforcement learning approach to HVAC
control based on a Thermodynamically-Constrained Deep Deterministic Policy Gradi-
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ent (TC-DDPG) architecture. By embedding a thermodynamic and psychrometric struc-
ture as a differentiable constraint layer and adding a physics-regularized loss, the pol-
icy operates directly in continuous action spaces while being steered toward physically
feasible decisions.

In simulation with a multi-zone RC model, TC-DDPG achieved a 34.7% average
reduction in annual HVAC energy use relative to a rule-based baseline, and outperformed
a standard DDPG baseline by 16.1 percentage points (Section 6.3). Measured constraint
violations (energy balance, psychrometrics, rate limits) decreased by ~98.6% compared to
standard DDPG (Section 6.6), and convergence was faster by ~1.78 x (Section 6.9). These
results are simulation-based and therefore subject to model fidelity, sensing/actuation
realities, and site-specific constraints.

Key innovations.

e A thermodynamic constraint layer that projects actions into a feasible region dur-
ing the forward pass (feasibility enforced by design, subject to model accuracy and
numerical precision).

e A continuous control actor—critic with normalized multi-objective reward and physics-
regularized loss to balance energy, comfort, peak demand, and IAQ.

e  An optional zone-attention encoder that improves cross-zone coupling representation
with minimal computational overhead.

e A reproducible training/evaluation protocol with confidence intervals and con-
straint metrics.

Compactness and latency measurements (model size ~0.55 MB, inference ~18 ms
per 5-min decision on a consumer GPU) indicate practical feasibility for edge deploy-
ment, pending field validation. Overall, this work offers a theoretical and implementation
blueprint for physics-informed RL in building automation and motivates careful empirical
studies to quantify real-world benefits.

Research Enabling Framework
Established foundation. This work provides:

o  Well-specified formulation: a clear statement of physics-constrained continuous con-
trol RL with architectural projection and regularization (Sections 3 and 4).

e Implementation blueprint: modular actor—critic, constraint layer, and training loop
with fixed scalers and evaluation scripts (Sections 4 and 5).

e Validation methodology: multi-tier simulation protocol with statistical reporting
(Section 6) and ablation/sensitivity analyses (Section 7).

e  Benchmarking baselines and metrics: rule-based, MPC, and standard DDPG baselines;
energy/comfort/peak/violation metrics with Cls.

Open research directions.

e  Multi-building coordination. Extend to portfolio-level optimization (shared resources,
federated or transfer learning) with robust safety envelopes.

e  (Grid integration. Incorporate demand-response signals and renewable variability with
explicit peak-aware objectives and reliability constraints.

e  Fault-tolerant control. Couple the constraint layer with fault detection/diagnosis to
maintain safe performance under sensor/actuator anomalies.

e  Human-centric objectives. Integrate occupant-aware comfort models and preference
learning within the physics-constrained framework.

e Climate adaptation. Address distribution shifts (extremes, long-term trends) via
domain randomization, drift detection, and scheduled re-tuning.

Community resources.
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e  Open implementation: TC-DDPG codebase with configuration files for states, rewards,
and constraints; scripts for synthetic weather/occupancy generation.

e Datasets and baselines: synthetic operating scenarios and reference controllers
(PID/Rule-based, MPC, standard DDPG) for fair comparison.

e  Evaluation protocol: standardized metrics, reporting of mean £ SD with 95% ClIs, and
violation definitions to support reproducible studies.

Collaboration model. The modular design allows: (i) RL researchers to refine explo-
ration and stability under constraints; (ii) building scientists to enhance physics modules;
(iif) control engineers to tailor interfaces to specific BMS platforms; and (iv) sustainability
researchers to study carbon-aware objectives and lifecycle impacts.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation Meaning

AHRI Air-Conditioning, Heating, and Refrigeration Institute

ASHRAE American Society of Heating, Refrigerating, and Air-Conditioning Engineers
ASHRAES55  ASHRAE Standard 55: Thermal Environmental Conditions for Human Occupancy
BAS Building Automation System (same as BMS; use one consistently)

BMS Building Management System

CI Confidence Interval

CIs (95%) 95% bootstrap confidence intervals (as reported for metrics)

CBECS Commercial Buildings Energy Consumption Survey (U.S. DOE/EIA)

copr Coefficient of Performance

DDPG Deep Deterministic Policy Gradient

DOE U.S. Department of Energy

DR Demand Response

DRL Deep Reinforcement Learning

DQON Deep Q-Network

EIA U.S. Energy Information Administration

EUI Energy Use Intensity (kWh-m=2.yr—!)

HIL Hardware-in-the-Loop

HVAC Heating, Ventilation, and Air-Conditioning

T1AQ Indoor Air Quality

ISO 7730 International standard for PMV /PPD thermal comfort

MDPI Multidisciplinary Digital Publishing Institute (publisher of Energies)

MPC Model Predictive Control

NOAA National Oceanic and Atmospheric Administration (weather data validation)
PID Proportional-Integral-Derivative (rule-based)

PIML Physics-Informed Machine Learning (general)
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PINN Physics-Informed Neural Network

PMV Predicted Mean Vote (comfort index)

PPD Predicted Percentage Dissatisfied (comfort index)

PER Prioritized Experience Replay

QA/QC Quality Assurance/Quality Control

RC (model) Resistance—Capacitance thermal network model

RH Relative Humidity

RL Reinforcement Learning

RMSE Root Mean Square Error

SD Standard Deviation

SOTA State of the Art

TC-DDPG Thermodynamically-Constrained DDPG (this paper’s method)
TMY3 Typical Meteorological Year (version 3) weather datasets
UA Overall heat-transfer coefficient-area product (U-A)

VAV Variable Air Volume (if mentioned in actuator examples)
ZAM Zone Attention Mechanism (inter-zone interaction module)

Appendix A. Detailed Mathematical Derivations
Appendix A.1. Thermodynamic & Psychrometric Gradient Computation

We define the physics regularizer used in Section 4.4 as:
Lphys =M Lenergy + )\ZLpsychro + A3Lcomfort

Appendix A.1.1. Energy Balance Term

Let T € RN be zone temperatures at time t,T'at t + At, and T'pred(s,a) the
rate predicted by the constraint layer (Section 4.4), which encodes RC heat flows
(sensible + latent) and auxiliaries:

T rea(5,0) = &[2Qurvac(5,2) + BQuona(s)]

where C stacks zone capacitances and Q,,,; aggregates inter-zone and envelope conduction;
«, B are learnable scalars (per zone) modeling residual mismatch. The target rate is

T-T

Trst = =3y

The energy term is the normalized MSE:

1
Lenergy = N H Wr (Tipred(sra) - T'tgt) ”%
with Wr a diagonal normalizer.

Appendix A.1.2. Psychrometric Consistency Term

Let RH be relative humidity (fraction), pys(T) saturation vapor pressure (Pa), and P
barometric pressure (Pa). Using a standard Magnus—Tetens form,

pws(T) = 610.94exp( 17.625(T — 273.15) )

T —273.15 4 243.04

0.62198RHpys(T)
pP— Rprs ( T)

w(T,RH) =
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If the model produces w (either directly or via an auxiliary head), we penalize
1
Lpsychro - N || Ww(w(s, 11) - (‘J(T/ RH)) H%

Appendix A.1.3. Comfort Corridor Term

With PMV computed per ISO 7730 using the current state and action-implied condi-
tions (e.g., supply temperature/flow), we use a soft corridor:

1 N
Lcomfort = szax(oz | PMV; | —0.5)
i=1

(We implement the sub gradient of max at zero; a smooth Huber/soft plus alternative
is also supported.)

Appendix A.1.4. Gradients (Chain Rule)

Let 8 denote actor parameters. With the differentiable projection

thys (S/ He (S)) = phys

OLphys _ OLphys 9pnys Iy (s)
a0 0appys Ope(s) 00

Each component contributes:

d Lenergy o 2

T T .
. = N Quuac VT WT(T-pred -T tgt)

Al =

phys

aLpsychro - E

JIWI W, (& — w(T, RH
e N0V w( ( )

APMV;
aaphys

aLcomfort‘ . l
da N

Y 9max(0,| PMV; | —0.5)sign(PMV;)
phys i
where J- are Jacobians w.r.t. actions, computed by autograd.

S . Mppys . . . . . .
Projection gradient. g’;f{;s is identity for the interior. At range/rate boundaries, we use

either (i) a smooth clip (tanh-affine) to keep gradients non-zero, or (ii) a straight-through es-
timator (STE). Psychrometric/rate projections are implemented with differentiable barriers
(softplus) to avoid zero-gradient plateaus.

Appendix A.2. Convergence Considerations

Proposition (informal). Under standard DDPG assumptions—bounded rewards, Lip-
schitz actor/critic, compact state/action sets, sufficiently rich replay, and non-expansive
(1-Lipschitz) projection I1,y,,s —the deterministic policy gradient computed on the pro-
jected action a,pys = ITypys(s, pe(s)) yields stationary points corresponding to locally
optimal policies within the feasible action set A pjs(s)-

Sketch. Define the feasible set Ays(s) = {a : physics/range/rate constraints hold}
assumed nonempty, compact, convex (approximate convexity via smooth barriers).

The projected policy ],tghys (s) = Hppys(s, pe(s)) is non-expansive.

Evaluate Bellman targets with projected target actions; the induced operator remains
a y-contraction in the space of Q-functions with bounded variation.

Under standard DDPG stability conditions (target networks, small T, bounded gradi-
ents), stochastic approximation converges to a fixed point of the projected Bellman operator;
the corresponding policy is a local optimum in the feasible set.
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Remark. This is not a guarantee of global optimality; model mismatch or nonconvex
feasible sets can introduce suboptimal fixed points. Our empirical Sections 6 and 7 provide
supporting evidence in simulation.

Appendix A.3. Nomenclature

Symbol Description Units
T Dry-bulb temperature K(or °C, consistent)
T; Zone ii temperature K
Ci Thermal capacitance of zone ii JK!
u;; Thermal conductance between i, ji, j W-m~2.K!
Ajj Exchange area between i, ji, j m?
Q Hvac, HVAC heat flow into zone ii w
w Humidity ratio %
¢ Relative humidity -
Pw Water vapor partial pressure Pa
Puws(T) Saturation vapor pressure at TT Pa
p Barometric pressure Pa
Moist air enthalpy Jkg!
hfe Latent heat of vaporization Jkg!
Cp Specific heat (dry air) Jkg LK
Cpo Specific heat (water vapor) Jkg LK!
PMV /PPD Comfort metrics (ISO 7730) -
cor Coefficient of Performance -

Appendix B. Implementation Details

Environment. Python > 3.10; PyTorch > 2.0; deterministic seeding (Python/NumPy/
PyTorch); reproducible configs (YAML/JSON).

Normalization. Fixed scalers (saved alongside checkpoints) for all state channels and
reward terms; action outputs are tanh-bounded, then affine-scaled, then projected by I'1 phys-

Repla and updates. Buffer size 10°; batch 64; v = 0.99; soft target update T = 0.005;
L2 grad-clip = 1.0; OU exploration ¢ = 0.1 during training only.

Evaluation. Noise-free policy; report mean + SD over n = 50 seeds; 95% Cls via
bootstrap; violation metrics per Section 3.

Logging and artifacts. Each run stores: config hash, seed, scaler params, checkpoint
(actor/critic/targets), metric CSVs (energy, comfort, violations, demand), and plots.

Repository. Reference implementation scripts and configuration examples will be
made publicly available at: https://github.com/Sattar7798/tqn (accessed on 7 August
2025), after code stabilization and experimental verification.

Appendix C. Extended Results

We provide additional figures/tables to complement Sections 6 and 7:
Monthly/seasonal breakdowns. Energy use and comfort violations per month; sea-
sonal COP vs. outdoor temperature; peak-demand seasonal histograms.
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Load duration curves. Annual HVAC power LDCs for all methods.

Distribution plots. Violin/box plots of constraint violation counts (log scale).

Sensitivity overlays. Performance vs. Ay,s and actor learning rate, with 95% Cls.

Ablation heatmaps. Relative degradation vs. full model across metrics.

All underlying CSVs (energy, comfort, violations, demand) and plotting scripts
will be made available in the project repository to enable exact regeneration of figures
and re-analysis.
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Abstract

Prosumer energy storage behavior alongside national rooftop photovoltaics (RTPV) pen-
etration metrics is essential for decarbonization pathways in buildings. A research gap
persists in quantitatively assessing storage strategies under varying regulatory frameworks
that integrate both technical and financial dimensions while accounting for behavioral
heterogeneity and policy feedback. This study introduces a novel degradation-aware,
feedback-preserving framework that optimizes behind-the-meter storage design and op-
eration, enabling realistic modeling of prosumer responses on large-scale RTPV adoption
scenarios. Long Short-Term Memory (LSTM) and Compound Annual Growth (CAGR)
models applied for the RTPV penetration rates projections in European urban contexts. The
increasing rates in the Netherlands, Spain, and Italy respond to second-order regression
behavior, with the former to emit signals of saturation and the latter to perform mixed
anelastic and reverse elastic curves of elasticities. Accordingly, Germany, France, the United
Kingdom (UK), and Greece remain in an inelastic area by 2030. The building RTPV energy
storage arbitrage formulation is treated as a linear programming (LP) problem using a
convex and piecewise linear cost function, a Model Predictive Control (MPC), Auto Regres-
sive Moving Average (ARMA) and Auto Regressive Integrated Moving Average (ARIMA)
statistical forecasts and rolling horizon in order to address the uncertainty of the load and
the ratio « of the sold to purchased electricity price. Weekly arbitrage gains may drop by up
to 9.1% due to stochasticity, with maximized gains achieved at battery capacities between
1C and 2C. The weekly gain per cycle performs elastic, anelastic, and reverse behavior of
the prosumer across the range of k values responding to different regulatory mechanisms
of pricing. The variability of economic incentives suggests the necessity of flexible energy
management strategies.

Keywords: RTPV penetration; LSTM; CAGR; epigraph linearization and stochastic modeling;
energy storage optimization; regulatory frameworks

1. Introduction

The penetration of rooftop photovoltaic (RTPV) systems in Europe is a key indicator
of the energy transition towards clean energy in the European Union and an important
part of decentralized electricity generation, especially in urban areas, while offering energy
independence, CO, emission reduction, and cost savings for consumers [1]. The European
Solar Rooftops Initiative provides for the mandatory installation of photovoltaics in new
public and commercial buildings from 2026 and in new residential buildings from 2029 [2].
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From an energy performance perspective, the current nearly Zero Energy Building (nZEB)
standards for new buildings up to 2030 become mandatory, while the recast Energy Perfor-
mance of Buildings Directive (EPBD) has set more ambitious goals for the period ahead. In
this context, the energy performance and the contribution of renewables between countries
significantly vary across European Union (EU) countries, and more efforts are required [3],
considering the differences in support policies, schemes, capital subsidies, building density,
land availability, sunshine, and energy market structure. In 2023, the EU installed 55.9 Giga
Watt (GW) of new PV capacity, of which 37 GW (66%) was rooftop solar [4], and the trend
remains in favor of the decentralized rooftop energy production [5].

1.1. The Penetration of Rooftop Photovoltaics in Europe

The distribution of Gross Value Added (GVA) at each stage of the photovoltaic (PV)
value chain, as well as the comparative contribution of the EU to the rest of the world
(ROW), is depicted in Figure 1.
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Figure 1. Distribution of the Gross Value Added (GVA) at each stage of the photovoltaic (PV) value
chain and the contribution of the EU [2].

A major proportion of the economic value is produced outside the EU, due to the
global dominance of Asian countries in solar panel production. This can substantiate the
need to strengthen domestic production and EU technological dominance in the context of
energy self-sufficiency.

In the era of high renewable energy penetration in the energy mix, the electricity
flows present new challenges and needs [6]. Global warming mitigation efforts have
focused on researching rooftop PV electricity generation and its innovative technologies
as a tool to meet the increasing energy needs in cities [7,8]. The new role of the active
consumer, also known as prosumer, is becoming demanded within a dynamic framework
of flexibility, resilience, storage, and balancing [9,10]. The wholesale and retail organization
of the markets is based on forecasting electricity prices and volume differences, under the
technical constraints of the system, which offers opportunities to compensate for economic
benefits through electricity pricing arbitrage. The policies used to manage technical and
financial distortions aim to smooth the peak values and coincide with the fluctuations
of the demand and supply curves, under different regulated frameworks. The optimal
strategy may involve a progressive adjustment of the factor values depending on the level
of Renewable Energy Systems (RES) penetration, technological developments, and grid
needs [11,12]. The energy policy makers and regulators, through their assessment of the
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economic efficiency of existing, contribute to the evidence-based design of strategies that
enhance the penetration of RES and the sustainability of the energy system [13-15].

Penetration rates and the value of storage assets in buildings have been investigated
in [16]. In this study, they directly correlate the controlled load dispatched and the op-
timized storage to improve the wholesale value of RTPV and battery with the dynamic
pricing framework included. In another study, low rates in PV penetration decreased
volatility, and the existence of a feed-in model with no PV depicted lower storage revenues
than a corresponding one with PV, under a share even greater than 10% [17]. A PV storage
system for trading in the market has been developed in [18]. They analyze the sensitivity
of households to market signals and the multi-scale parameters to achieve energy savings
against the non-distributed energy generation. Finally, in [19], they consider the growing
deployment of photovoltaic (PV) systems in EU member states and apply these insights to
a comprehensive life cycle assessment (LCA).

It is worth mentioning that market penetration scenarios are related to the building-
level arbitrage, while the increasing rate of PV penetration in urban areas results in sig-
nificant changes in the electricity market dynamics. High rates of RTPV in the system
increase price volatility and decrease the marginal value of self-consumption, creating
opportunities for energy storage asset management. The latter profitability also depended
on local volatility and forecasting quality [20].

Penetration Studies and Forecasting Methods

In a series of studies, refs. [21,22] simulate and explore the changing values of hy-
brid RTPV-plus-battery storage systems under different scenarios of increasing market
penetration. In another study, they provide a Support Vector Machine (SVM) forecast-
ing framework to upscale the local PV generation level into a regional market pricing
signal [23]. Useful metric evaluations and forecast methods of PV production in high
penetration rates, and simulation of price volatility can be found in [1]. Other machine
learning techniques, such as LSTM and Convolution Neural Networks (CNN), are widely
used, while newer methods emerge and highlight advances in deep learning and fore-
casting applications [24,25]. In [26], the optimal dispatching problem is addressed using
LSTM or eXtreme Gradient Boosting (XGBoost) to enhance the forecast marginal prices of
the system.

1.2. Energy Storage in RTPV Applied Systems

RES reinforces the need for advanced storage technologies due to the stochastic nature
and intermittent production of these sources. Storage systems allow the shift of generated
energy to periods of higher demand, thus offering the possibility of improving the reliability,
flexibility, and stability of the grid. Energy storage technologies present distinct technical
characteristics, capabilities, and limitations, different from each other [27], for example,
electrochemical [28], mechanical [29,30], thermal [31], or chemical storage [29], to name
some. For instance, the RTPV system is utilized in [32] on an nZEB framework with
an arbitrage mechanism, where photovoltaic (PV) systems installed on buildings decide
whether to sell electricity to the grid or convert it into hydrogen for storage. The stored
hydrogen is later utilized to generate electricity through a hydrogen-powered generator,
enhancing energy autonomy and flexibility.

The critical characteristics of battery energy storage systems [33] mainly refer to the
energy capacity and density, the round-trip efficiency (denoting the power discharge to
charge ratio), the lifetime and degradation, the response time, and the installation and
maintenance costs, under different projected PV levelized cost of electricity (LCOE) [34],
besides the stochasticity and intermittent production [35-37].
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As energy storage becomes a critical component of RTPV-designed and applied sys-
tems, it becomes necessary to define and understand the appropriate evaluation parameters,
as well as the technical limits of the available technologies in space-constrained applications,
such as building applications, towards a decarbonized energy transition [38]. The efficient
cycling operation [39], the aging characteristics [40], the ramp rating, and the C-rate of the
battery storage applications (denotes cascaded capacities) are important parameters to be
considered [41]. The energy storage systems play an important and multifaceted role in the
operation of distribution networks. They provide flexible loads [42], shave peaks, increase
self-consumption, support ancillary services, and improve power quality. Their effective
utilization requires addressing the relevant technical and institutional challenges, which
necessitate the further development of control techniques and optimal energy management
strategies for viable investments [43-47]. In parallel, reduced-order dynamic modeling
approaches in other multi-energy domains, such as integrated electricity—gas systems,
have been proposed to capture system coupling and ensure stable, computationally effi-
cient operation [48], sharing conceptual similarities with control-oriented optimization in
RTPV-storage systems. Similarly, resilient control and load frequency regulation strategies
have been investigated in microgrids integrating distributed renewable energy sources,
where Model Predictive Control and hierarchical architectures enhance stability under
intermittent generation and communication uncertainty [49].

1.2.1. Energy Arbitrage in Energy Storage Systems

The concept of energy arbitrage concerns the exploitation of the difference in electricity
prices at various times to achieve economic benefit through the storage and shifting of
energy consumption or production [50]. The basic principle of energy arbitrage is based
on the volatility of electricity prices, which is observed in both the wholesale and retail
markets, due to fluctuations in energy demand and supply. Energy prices tend to be lower
during hours of reduced demand (e.g., evening hours), when there is a surplus of available
energy, while they increase during hours of high demand (e.g., afternoon or evening peak
hours), when generation may have difficulty meeting consumption requirements [51,52].

Arbitrage is distinguished into two main forms: the grid and the self-consumption.
The former stores purchased energy from the grid at low prices and returned it at higher
values [53]. The latter stores energy during hours of high local RES production and uses it
to cover local consumption when grid prices are higher or the RES production is reduced.
Each form is appropriate for different pricing models (e.g., net metering, net billing, Time of
Use (ToU), and dynamic pricing) [54-56]. An approach that expands on local consumption
is suggested by [57]. The suggested approach analyses multiple cases combining local
storage, community storage, and internal trading, showing that community storage coupled
with trading maximizes renewable consumption, reduces grid dependence, and achieves
cost savings in residential communities.

In net metering schemes, the injected and absorbed volume of energy into and by the
grid is offset at an almost equivalent price to that of the energy consumed; therefore, the
economic incentives are missed due to the low grid parity [58,59]. In net billing schemes,
the price of energy returned to the grid is compensated at a lower value than that purchased
from it, which essentially strengthens the incentives for the use of storage systems and
the increase in self-consumption [60]. In other dynamic pricing models, such as ToU, the
billing of energy depends on the time of the day; thus, it is related to the demand and
self-consumption, leading to a stronger economic incentive for energy storage arbitrage [61].
The stored energy at valley hours at low prices is consumed or sold at peak hours when
the price is higher [62].
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Besides the financial point of view, certain technical parameters are to be optimized for
the best operational results in storage systems [63]. The energy storage arbitrage can balance
the continuous demand and supply loads and manage critical events such as outages or
sudden drifts of RES, providing resilience and reliability of the system [64], long-term
ancillary services [65,66], and integrated value stacking for multimodal power systems [67],
or frequency reserve [68]. The way it is used to control the process of energy storage
units under arbitrage is a trade-off between scalable complexity and accuracy between the
automation techniques levels and the specific goals of the predicted data [69-74].

1.2.2. Optimization in Energy Storage Systems Applications

Linear programming (LP) is widely used in the field of energy optimization and
in particular problems, such as generation and consumption scheduling, energy storage
management, economic network management, and renewable energy (RES) integration,
and generation unit operation scheduling [75], energy arbitrage and storage management,
distributed generation management from RES [76], management of energy networks and
infrastructures [77] and financial management and energy market planning [78]. To ac-
count for the stochastic nature of renewable energy output, a scenario-driven optimization
method has been proposed. For example, ref. [79] uses a Deep Belief Network (DBN) to gen-
erate time-series PV scenarios and incorporates demand-side response and dynamic recon-
figuration, improving PV absorption and reducing planning costs. In energy arbitrage and
storage applications, they combined with advanced linearization techniques, Model Predic-
tive Control (MPC) [80,81], and advanced econometric analysis [82] to manage the nonlin-
earities and the stochastic nature of the optimal control problems. Day-ahead optimization
incorporating feedback correction via MPC is proposed in [83] to address uncertainty and
predict the performance of energy storage systems in a radial distribution network. The
need for a sufficient number of breakpoints and the increase in variables and constraints
are also considered to increase the complexity of the process [84,85]. The implementation
of the Model Predictive Control (MPC) toolbox, based on rolling horizon optimization,
has also been used [86]. Mixed Integer Linear Programming-based and nature-inspired
optimization approaches have been employed in [87,88], where Electric Vehicle (EV) battery
storage is modeled as a flexible load from the system operator’s perspective.

1.3. Motivation and Research Gaps

The motivation is reinforced by the real need to make informed decisions in an ever-
changing energy landscape, where the accuracy of the forecast and the sensitivity of the
models play a decisive role. Analysis of the energy storage behavior of prosumers with
national-level metrics on RTPV penetration is a necessity for advancing decarbonization
strategies in the building sector.

There is a research gap in the quantitative analysis of storage strategies under var-
ious regulatory electricity market policies. This includes consideration of technical and
financial modeling with both short-term optimization and forecasting, as well as long-term
penetration prediction. Heterogeneity in prosumer storage attitudes in conjunction with
feedback fidelity under evolving tariff frameworks is rarely represented while remaining
computationally tractable for country-scale sensitivity analyses.

The main research questions posed here are:

1.  What are the estimated penetration rates of rooftop PV capacity up to 2030 across

different European countries? (4.1)

2. How are the rooftop PV storage dispatch, the capacity of storage, and the arbitrage

gain in urban areas affected by the electricity pricing framework? (4.2)
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3. How can uncertainty be effectively quantified regarding technical and economic
optimization? (4.3)

1.3.1. Structure of the Work

The structure of this work presents the theoretical understanding of the problems, the
results, and the drawing of conclusions. The paper is organized into the following sections:
Section 1 introduces a brief literature review and the research questions. Section 2 provides
methodology, mathematical formulations, and the structure of the optimization models.
Section 3 presents the results of the different model parameters and the discussion on the
research questions. Section 4 sets forth an extensive discussion, and Section 5 summarizes
the main conclusions.

1.3.2. Contribution of This Study

The increasing penetration of PV creates challenges in production variability, impacts
on the wholesale market volatilities, and flexible pricing policies, making optimization at
the building level necessary.

The predicting models bridge the importance of integrating large-scale penetration
forecasts with localized optimization strategies to capture the full spectrum of value creation
and gain novel insights into the role of distributed storage assets in both grid stability and
economic efficiency in urban energy systems.

2. Materials and Methods

The concept of multi-scale prediction in this study refers to the use of two distinct
temporal horizons—short-term and long-term forecasting—to support energy management
and policy assessment. The short-term prediction focuses on forecasting building load
and the electricity market for both purchasing and selling prices. These forecasts serve
as inputs to a stochastic arbitrage optimization framework, which enables several key
insights: (a) it verifies the validity of the proposed behind-the-meter formulation that
integrates building load, battery storage, and RTPV systems—since, if the formulation were
suboptimal, the battery would remain inactive; (b) it identifies the most suitable battery
type for the given operational context; and (c) it determines the profitability conditions
under varying ratios k.

On the other hand, the long-term prediction concerns the expected penetration of
RTPV systems, providing a tool to evaluate the effectiveness of national energy policies,
where positive trends indicate a supportive environment for such investments. Together,
these two forecasting layers constitute a multi-scale prediction framework, encompassing
both operational and policy-level analyses.

2.1. Penetration Forecast

The forecasting of the penetration of photovoltaic systems on rooftops requires the
use of appropriate methods, which can incorporate the uncertainty, the heterogeneity
of the data, and the complexity of the development of RES at the national and regional
levels [89,90].

LSTM-type Neural Networks and Mathematical Growth (CAGR) models are chosen to
explore the penetration rates in certain EU countries. The former can incorporate complex
and nonlinear relationships, memorize significant temporal patterns, and have proven
success in related problems of energy demand, load, or renewable energy generation
forecasting [91,92]. The latter provided interpretable prediction curves and are used as a
point of comparison with the results of LSTMs, to assess the coherence between statistical
and machine learning.
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The implementation is conducted using MATLAB tools [93], adapting curves to
historical data for each country based on the combined sources [94-98] and the tables in
Appendix A.

2.1.1. LSTM Model

The internal structure of an LSTM block is shown in Appendix B and describes how
LSTM can better manage long-term correlations in sequential data [99].

An LSTM memory layer with 50 units, a fully connected layer leading to the output
via a regression layer, and a sequence input layer constitute the three main layers of the
implemented LSTM model, using the Adam optimizer method for training in 300 epochs,
with gradient clipping to avoid model instability.

After training, the next six years (2025-2030) are predicted to use a rolling forecasting
system, with the next value predicted by the model using the last five observations of the
normalized series as input. The process was repeated for each subsequent year, and after
this added to the input, which was smoothed, using the inverse of the normalization to
convert the predicted values back to the original power series.

The 50 LSTM units that make up the neural network are selected based on relevant
research and experiments, with long-term dependencies in the time-series being preserved
and learned with a sufficiently substantial number of LSTM units, but short-term correla-
tions can still be learned. The Adam optimization technique is used for training, which is
considered a fast and reliable method for converging neural networks, and a threshold of
300 epochs is chosen to ensure sufficient learning time without overfitting. The balance
between learning speed and stability is achieved with an initial learning rate of 0.005, with
the model gradients also subject to a constraint (Gradient Threshold) in order to avoid
explosive levels that could lead to instability during training (Figure 2).

| [1 00 \ |200 |

50 100 150 200 250
Iteration

\ (100 ] 200 )

300

50 100 150 200 250

Figure 2. Root Mean Squared Error (RMSE) (blue) and Loss function (red) of the LSTM training and
forecasting process.
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2.1.2. Growth Model

The Mathematical Growth Models are based on simplified assumptions about the
shape of the growth curve and use historical data to approximate the future evolution of
the phenomenon. Although they do not consider complex socioeconomic or technological
factors, they offer an interpretable and often sufficiently accurate approach, especially in
environments with stable trends. They are simple but effective approaches for modeling the
temporal evolution of phenomena such as the development of photovoltaic installations.
They include exponential, logarithmic, and logistic models, which are widely used when
the data shows a clear trend of increase with saturation. These models are widespread
in technological forecasting and the study of dynamic markets. The Compound Annual
Growth Rate (CAGR) model is used here in comparison with the LSTM model results.

2.2. Building RTPV with Storage Formulation

The energy storage arbitrage optimization problem is formulated and briefly described
in Figure 3 in both deterministic and stochastic modes. The energy flows are referred to
as the building behind the meter. This is where the energy storage arbitrage is optimized
using only the electricity prices from the grid. More details are found in [12], where the
original code and data for this work are motivated and validated for a two-step solution.
Then, the formulation was extended to N steps with piecewise linearization and combined
with stochastic consideration.

A linear mathematical model of the RTPV system is formulated through the epigraph
linearization technique. Then, the Model Predictive Control (MPC) with rolling horizon
is combined with ARMA /ARIMA to capture the uncertainty in prices and loads is imple-
mented. The MATLAB software (Version: 9.14.0 (R2023a)) is used. The function linprog
uses the simplex duality method, and the MPC controller solves an optimization problem
at each time step, using information about the current state of the system and forecasts
for its future behavior. For the detailed training and control of the model, econometrics of
ARMA and ARIMA techniques have been inserted in each step, considering the compro-
mise between the predictive and the control horizon related to energy management and
arbitrage applications. The total time horizon or duration has been partitioned into N steps,
i €(1,...,N), with duration #;, and the electricity price and correspond to consumption,
purchasing price py,(i) when it is greater than or equal to zero, or selling price ps(i) less
than zero. A particularly crucial factor for evaluating the economic efficiency of energy
arbitrage is the ratio of sale to purchase price (k; = ps(i)/pp()).

2.2.1. Graphical Analysis

The cost function consists of four linear segments, each with a different slope, which
change at the intersection points and depending on the sign of the net load (zi). The
sign of the net load (zi) determines the form and position of the slope changes. The
slopes are directly influenced by the buying/selling prices and the charging/discharging
efficiencies. Each segment corresponds to a different operational state: buying/selling and
charging/discharging. The piecewise linear and convex structure of the function ensures
a unique optimum and allows for efficient resolution using linear programming. The
intersection points define the boundaries, where the economic benefit from charging or
discharging changes determines the operational strategy. In Figure 3b, the definition of the
segments is depicted.
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Figure 3. (a) Boundaries of the RTPV system and the energy flow. (b) Graphical analysis: The cost
of storage is piecewise linear and convex and consists of two parts, discharging at negative values
of xi and charging at positive values of X;. Each region corresponds to a different physical function
of the battery (buying/selling energy). Each part has a different slope due to charging/discharging
efficiency. Interpretation of gradients for zi > 0 and zi < 0 modes. Segment 1 & slope py(i)/ney):
Energy market & battery charging gradient, Segment 2 & slope ps(i)/ngjs: Battery discharging &
selling gradient: Segment 3 & slope (py(i)/ngis): Switching between buying and selling gradient,
Segment 4 & slope ps(i)/ngy: Selling with charging or buying with discharging gradient.

2.2.2. Intersection Points and Their Economic Interpretation

The diagram is characterized by two critical intersection points, referring to the
intersections with the vertical (y-intercept) and the horizontal axis (x-intercept). The former
represents the cost when the battery activity is zero, and it indicates the cost of covering
the net load exclusively from the grid without the involvement of the battery. The latter
shows the value of the change in charging (X;), where the total economic interaction with
the grid is zeroed out, meaning there is a balance between purchased and sold energy.

This is a critical point for the economic analysis of the system’s operation. The
objective function of the problem is, by definition, piecewise linear and convex, which
are fundamental characteristics for the linear programming (LP) algorithms to solve it.
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Convexity ensures the uniqueness of the optimal solution, eliminating the possibility of a
local minimum. To leverage this convexity and enable the use of powerful LP solvers, the
epigraph formulation is applied. This transformation introduces auxiliary variables (t;),
which envelop the actual cost at each time step, thus converting the original convex but
nonlinear function into a set of linear constraints (segments) (Appendix C).

2.2.3. Optimization Problem and Epigraph Formulation

The optimization problem for the time horizon, N, in our graphical analysis, is
related as

minzlil Ci(Xi) = max{segment], segment2, segment3, segment4 }, 1)

where the decision variables vector, X;, includes the energy flows from and to the battery
in each time step. The equivalent epigraph problem is written as

. N
mln{xi,ti}zizl ti, (2)

Constraints
1. Epigraph linearization for each segment

segment 1 : pb7(i)xi +zipp(i) <
Nch

Dnaisxi +zipg (i) < &

(Daisxi +zipy (1) < &

(i)

Nch

segment 2 :

pS (3)
segment 3 : py
Ps

segment 4 :

xi +zips(i) < i,

The auxiliary variable t; defines the actual cost at each step, allowing for resolution
with LP. The introduction of this constraint into the cost function replaces the nonlinear
formulation with a linear piecewise approach.

2. Energy balance

_ _ [xi] " -\
i =zi+£(x) = (dj —ri) + | —— —nais[xi] |, Vi, )
Mch

The energy balance requires the remaining energy after the usage of PV or the storage
to be covered or injected into the grid.

3. Ramping rate

Replacing the quantity f(x;) by the s; = f(x;) (to include the losses), we introduce the
range for the battery ramp rate,

Si € [Sinin' S'}nax} , Vi, (5)
were
Stin = Ngis®minhi, (6)

the maximum discharging to the grid and

Sinax _ Omax 1, @)
Nch
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the maximum charging from the grid and
S [6min/ 6max] Vi, (8)

denotes the ramp rate.
The ramping rate defines the limitation of the changes in the battery and the inverter
due to technical specifications.

4. Capacity .
bmin —bo < Zq‘l:l Xj < bmax, — by, Vi, (9)
bij=b;_1+x;, Vi=1,...,N, (10)
bi € {bininr bimax} /i, (11)

with the battery energy storage state, b; to remain in the range 0-100% at every step.

The capacity constraints ensure realistic operation of the battery between the limits
of the state of charge (S0C). In every step, battery energy is that of the previous state plus
the change.

5. Energy prices come from the convexity condition of the system

Py (i) = ps (i), Vi, (12)
6. Non-negativity for auxiliary and decision variables
t>0,x";, x>0, (13)

2.2.4. Simulation Strategy

The algorithm implements an MPC (Model Predictive Control) model: at every mo-
ment in time, it recalculates the optimal strategy based on new forecasts. It combines
stochastic forecasting and optimal linear programming. It allows for dynamic adjustment
to real and future market/consumption conditions. The basic steps and a detailed flowchart
are depicted in Figure 4.

2.2.5. Horizon Time Limits, and Basic Indices of Performance Evaluation

Parametric analysis of the coefficient k is an important procedure for assessing its
impact on the performance and sustainability of energy systems with storage [18]. The
analysis of the parameter k, which has already been denoted as the ratio of sale to purchase
price, is studied under the impact of different pricing policies (net metering—net billing),
battery C rates (maximum charging/discharging rate as a percentage of capacity) and the
equivalent (normalized) cycle operation defined according to the full depth of discharge
(DoD). The relationship between the prediction horizon, Np, and control horizon, Nc,
directly affects the performance and behavior of the MPC and usually is Nc < Np. The
use of a large prediction horizon combined with a small control horizon provides an ideal
trade-off between adaptability, accuracy, and computational efficiency, as it allows the
system to respond immediately to added information while having a broader view of its
future behavior. Implementation of scenarios is made both with full knowledge of future
prices (deterministic optimization) and with uncertain forecasting (forecast-based MPC), to
capture the impact of forecast error on decision-making, an element that is the subject of
increasing interest in relevant literature. The economic benefit from arbitrage expresses the
net reduction in total energy costs achieved through the strategy of storing and transporting
energy at different time periods, taking advantage of the volatility of electricity prices.
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Figure 4. (a) Implementation of forecasting models via Epigraph LP—MPC—ARMA /ARIMA
stochastic model (b) Detailed flowchart.
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The basic parameters for the evaluation of prediction errors are:

7

1 A
Mean Absolute Error—MAE : MAE = —2?71 Ye— Y
ot

1 n &\ 2
Mean Squared Error—MSE : MSE = HZt:l (Ye—Yy)7,

1 -
Root Mean Squared Error—RMSE : RMSE = \/ HZL (Ye— Yt)z

Y — Y
Yi

100%
Mean Absolute Percentage Error—MAPE : MAPE = — Yoo

7

In Table 1, the basic originating conditions of the mode are summarized.

Table 1. Basic originating conditions for battery models.

(14)

(15)

(16)

(17)

Parameters Value
brmin 200 Wh
bmax 2000 Wh
b0 1000 Wh

Nch = Ndis 0.95
dmax = —Omin

C0.25-C2 500 W
C0.25-C2 1000 W
C0.25-C2 2000 W
C0.25-C2 4000 W

Cost of batteries at [C0.25, C2] [0.2,0.7] USD/W
Electricity price [0.04, 0.14] USD/kWh

The cost of batteries depicts the range from C0.25 to C2 storage rates of the simula-
tions per nominal pack supply power. Accordingly, the electricity prices denote the data

fluctuation range.

3. Results
3.1. Evolution of RTPV Penetration

The long short-term memory (LSTM) artificial neural network, trained using historical
time-series data from 2015 to 2024, was used to predict the installed photovoltaic capacity
on rooftops by country in the future, using the built-in MATLAB time-series processing

and neural network training functions.

The future development of installed photovoltaic capacity on rooftops in selected
European countries up to 2030 is depicted in Figure 5, through the application of LSTM-type
neural networks and the CAGR model. The comparative evaluation of the two approaches
is useful for interpretability and adaptability to understand the behavior of the models

under conditions of uncertainty.
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Figure 5. Predictive evolution of the RTPV in seven countries (a—g) and the cumulative trend of them

(h). The trend with the best R? is depicted in each LSTM series of data and refers to an exponential or
polyonymic equation rather than a linear one. The elasticity curves are depicted in (i).
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In the Netherlands, there is a strong and increasing growth in the photovoltaic sector,
due to the limited available space and the favorable policy for rooftop installations. The
LSTM forecast shows steady growth in rooftop installations, reflecting a market that is
gradually approaching saturation. The LSTM model accurately utilizes the characteristics
of the country’s development path, adapting the forecast curve to mature market conditions.
The CAGR model predicts a rapid acceleration in installed capacity until 2030, reflecting
both a mature market and increasing public and private investment in the sector. The
exponential shape of the forecast curve reinforces the image of a country with robust
growth potential in the decentralized RES sector.

In France, the curve shows a steady and gradually increasing trend in installed PV
capacity in France, with the forecast showing an acceleration of growth after 2024. The
LSTM forecast reflects the increasing support provided by the French state to self-generation
and net metering programs, as well as the strategic target of total installed capacity by 2030.
The model’s response to historical data demonstrates its ability to accurately capture the
underlying growth dynamics, predicting a significant increase from around 2025 to 2030
in the rooftop PV sector. The CAGR model shows a steady exponential growth path over
the period 2025-2030. The curve follows the dynamics of previous years, confirming the
accelerating trend of solar development in the country.

In Greece, both models show a steady acceleration trend towards 2030, reflecting the
increase in self-generation applications and support through the net metering scheme, the
European average more quickly. The LSTM exploits the underlying historical dynamics,
considering institutional stability, investments in small-scale projects, and technological
developments, and produces an optimistic but well-documented forecast for the penetra-
tion of rooftop PV in the Greek energy strategy. The CAGR model indicates institutional
strengthening, the push for self-production systems, and the fall in installation costs. The
model does not explicitly incorporate the effects of political or social variables; it ade-
quately captures the need for the expected policy dynamics that affect the electricity sector,
as previous periods have shown.

In the United Kingdom, the curves initially show a saturation phase between 2018
and 2021, reflecting the relative inertia of the market after the cessation of feed-in tariff
subsidies. However, after 2020, 2021, a recovery trend is evident again, with an increase
in installed capacity, which is attributed to innovative programs and the priorities of the
Net Zero Strategy. The LSTM forecast captures this dynamic, with a continuous increase
until 2030, reflecting the increase in self-consumption, the fall in installation costs, and the
improvement of storage technologies. The projected trend records moderate but steady
growth, suggesting a more mature and stable policy framework. The forecast based on the
Compound Annual Growth Rate (CAGR) also shows a robust growth momentum until
2030. After a period of relative stagnation between 2016 and 2022, the trend accelerates
from 2023 onwards. This is in line with government efforts to boost decentralized energy
generation and initiatives. Although the CAGR model does not incorporate political or
technological factors, it offers a clear picture of long-term market trends.

In Italy, after a mild increase until 2020, the Italian market shows obvious signs of
acceleration from 2021 onwards, probably as a result of supportive tax incentives and
subsidies (such as Super bonus 110%). The LSTM model identifies this changing pattern
and predicts robust growth by 2030. The LSTM forecast highlights the momentum that
self-generation has gained, as well as detecting changes in the growth trend related to
external interventions or technological developments. The curve resulting from the CAGR
model indicates steady future growth, which, although based on average annual growth
and not on dynamic characteristics, is in line with observed trends.
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In Spain, the curves demonstrate a clear growth phase, with a strong upward trend
from 2020 onwards. The abolition of the sun tax and reforms in favor of self-generation
with net metering have contributed to the rapid growth of rooftop PV. The LSTM network,
trained on historical data, captures this transition and predicts continued growth in in-
stalled capacity at a slower pace than in other countries. The forecast suggests a steady
strengthening of the market, in line with the policy focus on boosting decentralized genera-
tion. The use of the CAGR model demonstrates a growth rate that reflects the removal of
political barriers (such as the sun tax) and the gradual strengthening of measures in favor
of self-consumption. The projected trend is realistic and consistent with Spain’s policy
agenda to boost RES.

In Germany, a pioneer in solar energy, the LSTM model captures the continuous
upward trend of the last decade and predicts a significant acceleration in growth after
2025. The projected capacity is almost triple by 2030. This response reflects the success of
support policies through the Renewable Energy Sources Act law, feed-in-tariff, and net
metering schemes that favor self-generation. The LSTM accurately exploits historical trends
and time dependencies, offering a realistic projection for the German rooftop PV market,
which is considered the most mature in Europe. The projection based on the CAGR model
also shows a continued acceleration in growth during the period 2025-2030, reflecting the
ongoing support policies, technological innovations, and increasing social acceptance.

Summarizing, it has a strong relationship of policy incentives with the acceleration
or the decline of the penetration rates in each country and different states of saturation
regarding the sensitivity of policy mechanisms adoption due to anelastic or elastic range
of the curves. Netherlands, Spain, and Italy penetration rates respond to second-order
regression behavior, with the former to emit signals of saturation and the latter to perform
a mixed anelastic and reverse elastic curve. Germany, France, the UK, and Greece remain
in an inelastic area by 2030.

3.2. Evolution of Price and Net Load

Before presenting the aggregated results of the energy storage arbitrage analysis, it is
necessary to present the basic characteristics of the input signals used, as well as the key
performance indicators of the system. In this way, a clear framework of reference is formed
for the results that follow, in Figure 6, and the interpretation of the trends observed in the
subsequent technical-economic analysis becomes possible.

3.2.1. Arbitrage Gain per Battery Model and Coefficient «

The difference in performance between the models is pronounced for high %, highlight-
ing the importance of battery C-rate in maximizing profit. In the stochastic scenario (MPC),
arbitrage returns retain their dependence on the pricing factor and the technical parameters.
The rapidly responding battery models (C2, C1) clearly perform better responses. The
performance of all models, at low « values (<0.25), is nearly neutralized regardless of
technical flexibility (Figure 7).

3.2.2. Cycles of Operation per Battery Model and Coefficient k

The difference between the models remains noticeable for high k but tends to disappear
as the price spread decreases. The activity of all batteries is automatically filtered by the
market environment: if there are not enough arbitrage incentives, battery degradation is
limited regardless of its technical capabilities. The weekly analysis reveals how pricing
policy can affect the long-term sustainability of the system. The Model Predictive Control
(MPC) operation under uncertainty can lead to slightly increased activity, especially for the
faster models. The actual price spread remains the key factor; when « is low, the number of
cycles is significantly limited. The difference in the number of cycles between deterministic
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Price (cents/kWh)
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Net Load (Watt-hour)

and stochastic becomes more pronounced only in favorable markets. Under favorable
pricing policies (high k), MPC can lead to slightly more cycles due to a more sensitive
response to dynamic signals. The differences in the number of cycles are more evident
in fast battery models and when arbitrage has a strong economic incentive. In restrictive
environments with low k, the results of the two approaches converge, with minimal cycles,
and all models eliminate the incentives (Figure 8).
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Figure 6. (a) Evolution of the price (in cents/kWh) per hour for one day. It shows fluctuations/peaks
that affect arbitrage. (b) Hourly evolution of net load (consumption—PV production). Positive value:
need to purchase from the grid. Negative value: surplus/injection.
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Figure 8. Deterministic vs. Stochastic weekly battery cycles.
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3.2.3. Arbitrage Gain per Cycle per Battery Model and Coefficient k

The gain per cycle increases sharply as the number of cycles decreases (low «), because
few arbitrage events accumulate all the profit. For high k, the index values stabilize and
diversify across battery models, reflecting the diverse ways of exploiting each technical
configuration. The extreme high gain per cycle for exceptionally low k reflects the rarity
of opportunities. The deterministic strategy, with perfect knowledge of future prices and
load, always yields slightly higher profits compared to stochastic MPC—especially for
high k and flexible batteries. The difference decreases as k approaches zero, which means
when the market does not provide real arbitrage opportunities, or the type of algorithm
has little to no significant impact. Uncertainty affects fast battery models, which are based
on dynamic responses, more intensely, while slow ones are affected less. (Figure 9).
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Figure 9. Deterministic vs. Stochastic weekly gains per battery cycle (USD/kWh.cycle).

3.3. Overall Techno-Economic Interpretation of Uncertainty and Flexibility Response

The synthesis of the results for the number of charge/discharge cycles, as presented in
the previous sections for all battery models and pricing scenarios, highlights crucial aspects
of the sustainability and resilience of energy storage systems to arbitrage management.
Overall, this study demonstrates that the number of battery cycles operating is not just
a technical quantity but fully incorporates the effects of economic incentives and market
policy. The correct design of a storage system should therefore be based on a balance
between maximizing arbitrage gain and limiting long-term degradation, guided by real
market signals and the technical requirements of each application.

A comparison is made between the proposed stochastic approach and its deterministic
counterpart, as illustrated in Figures 7-9. The weekly arbitrage gains for different batteries’
C rates may reach up to about 26 USD/kWh for high k values and neutralized for k < 0.25.
The stochasticity reduces the gains to 9.1%. The full cycles are increased up to 50 cycles
and decreased to zero for k values below 0.25. The gains per cycle are minimized by
around 0.5 to 0.6 USD/kWh.cycle, increased in the range of 2 to 3.6 USD/kWh.cycle for
approaching zero, and stabilized for high « values in the range of 0.5 to 1 USD/kWh.cycle.
The window curve of Figure 9 performs the sensitivity evolution for the C0.25s rate, as
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a representative result to explore the anelastic, the reversed, and the elastic zone of the
weekly gains per cycle in the range of k from zero to one. It indicates the response of
prosumer flexibility to the market policy incentives at scale.

4. Discussion

The analysis of the results of the storage system clearly highlighted the decisive role of
pricing policy in the actual exploitation of arbitrage opportunities. The pricing coefficient
(k) acts as a determining factor for the economic incentive, directly affecting both the
frequency of operational cycles and the potential profit of the system.

In the short term, provide information relevant to decision-making for aggregators,
building owners, businesses, and potential investors. These decisions concern the viability
of the investment. In the long term, it offers a tool to assess the effectiveness of national
energy policies, where positive trends reflect a favorable environment for such investments.

4.1. The Estimated Rooftop PV Capacity up to 2030 in Selected European Countries

The curves of both models show a steady and gradually increasing trend in installed
PV capacity in all countries, but with variable acceleration between models and countries.
These variations reflect the varying rate of adopting the strategic targets capacity by 2030.
Surprisingly, the underlying growth dynamics of each country are homogenized at an
exponential rate when the total penetration of the seven countries is considered.

LSTM models captured the declining rates in each country due to a shortage of
regulatory policies and the accelerating rates within the periods of policy changes. The
CAGR gives a clear picture of the general trend; it does not consider dynamic variables
(technological progress, regulatory changes, for example), which makes it limited compared
to more flexible approaches such as LSTMs, and it is used for comparison.

The degree to which national markets respond to policy mechanisms varies signifi-
cantly, depending on whether their respective adoption curves fall within elastic, anelastic,
or inelastic ranges. For instance, the penetration rates in the Netherlands, Spain, and
Italy display sensitivity characterized by second-order regression behavior. In the case
of the Netherlands, the data suggest the emergence of saturation effects, indicating that
further policy incentives may lead to diminishing returns in terms of increased penetration.
Spain and Italy, on the other hand, exhibit a combination of anelastic and reverse elastic
responses, reflecting a mix of limited responsiveness and potential for rebound effects as
market conditions evolve.

In contrast, Germany, France, the United Kingdom, and Greece are projected to remain
within inelastic regions of their adoption curves through 2030. This suggests that, for
these countries, variations in policy mechanisms may have minimal influence on further
increasing penetration rates during this period. The persistence of inelasticity in these
markets highlights the need for alternative strategies or structural changes to stimulate
further growth in adoption.

4.2. Electricity Pricing Framework Impacts RTPV-Storage Policies

The value of the compensation factor directly affects the economic incentives to
increase self-consumption and the use of storage. For values of ¥ ~ 1, users do not have a
strong economic incentive to store and self-consume the energy they produce, as selling
directly to the grid is economically equivalent to consuming it. For values of x < 1, there
is a clear economic incentive for users to increase self-consumption through storage, in
order to maximize their economic efficiency and reduce their dependence on the grid.
For exceptionally low k, extremely high values of gain per cycle are observed, due to the
minimum number of cycles performed in a week.
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In markets with high «, the efficiency per cycle is uniform and stable, with small varia-
tions between technologies, making them more effective in the initial stages to encourage
the initial deployment of RES systems. The convergence of values between battery models
at extreme « values indicates that the operating rate plays a smaller role when arbitrage
does not have sufficient financial incentive. When k approaches unity (ideal net metering
policies), arbitrage becomes more attractive, resulting in the maximization of both the
arbitrage gain and the operational load of the battery.

Low k values are more suitable for promoting self-consumption and storage. In restric-
tive environments where the selling price is a small percentage of the purchasing price (low
k), the economic benefit from arbitrage is almost nullified, regardless of technical flexibility,
control, the strategy of the structure of the market, and existing policies. For k lower than
0.25, all configurations converge to zero returns. The buy-selling spread effectively acts as
a natural filter, activating or deactivating the dynamics of the storage system.

Market policy incentives affect the degradation rates of battery storage, and the weekly
gain per cycle performs elastic, anelastic, and reverse behavior of the prosumer across the
range of k values. According to the results, for k < 0.25, there is no motivation for arbitrage.
As the « value becomes higher, we need a larger battery capacity. The increase in capacity
from 0.25C to 2C increases the gains by 161%, while the corresponding change from 1C to
2C leads to 6% increase. The capacity between 1C and 2C maximizes profit.

4.3. Effect of Deterministic and Stochastic Applied Models on Technical and Economic
Management and Efficiency

4.3.1. The Impact of Forecasting Uncertainty and Operating Cycles

Forecasting uncertainty in energy prices and load is one of the most significant chal-
lenges in the realistic operation of storage systems with arbitrage. Unlike theoretical
deterministic scenarios, where the system has complete knowledge of the future, every real
application relies on forecasting algorithms that exhibit error, both in the short term and
the long term. This uncertainty has a direct and measurable impact on both the economic
benefits and the operational wear of the battery.

In the context of the analysis, it is observed that the presence of uncertainty in forecasts
leads to a slightly reduced overall arbitrage gain per cycle, compared to the ideal scenario.
The MPC algorithm, attempting to offset the risk of forecasting errors, tends to have low
or highly corrective behavior during the control horizon. This results, especially for the
more dynamic battery models, in an increase in the number of charging/discharging cycles.
However, the increased frequency of cycles does not necessarily imply greater profit for
the system.

On the contrary, it may lead to increased wear of the battery, with direct consequences
on maintenance costs and the lifespan of the equipment. This phenomenon highlights
the importance of choosing an appropriate management strategy in order to achieve the
optimal balance between capitalizing on trading opportunities and protecting the technical
reliability of the system.

Of particular interest is the fact that, in environments with limited financial incentives
(low price spread), the impact of uncertainty is minimized. The system itself, through
optimization equations, filters the decisions, drastically reducing cycles and operational
intensity, regardless of the accuracy of the forecast. This constitutes a form of automatic
adjustment to the market structure, as the system learns to act only when the opportunity
is hugely beneficial.

Overall, the analysis shows that uncertainty in forecasting is not just a mathematical
or computational problem, but a practical limitation that directly affects both the economic
viability and the long-term technical behavior of energy storage systems. Systematic
monitoring and recording of operational cycles, combined with continuous improvement
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of forecasting algorithms, are necessary prerequisites for realistic design and successful
operation of RTPV and battery storage in real environments.

4.3.2. Effects on Operating Cycles and Technical Battery Management

The choice of battery models (C2, C1, C0.5, C0.25) and, consequently, the C-rate
measurably affect performance only when there is a real economic signal justifying it.
Flexible battery models with high C-rate perform better when the market environment
offers enough arbitrage opportunities—primarily due to their ability to react faster to
fluctuations. In the opposite case, i.e., in markets with low spread or low k, the choice
of technical configuration does not result in significant differentiation in performance.
This finding is of particular value for optimal sizing and investment choice, as oversizing
a storage system without a corresponding economic signal leads to low utilization and
excessive costs. Therefore, it is critical to adjust the technical parameterization (size, C-rate,
depth of cycles) to the actual conditions of each market and the corresponding pricing
framework. The weekly arbitrage gains can be reduced to 9.1%.

4.4. Limitations and Future Research

The relationship with the macro RTPV penetration level and the micro storage opti-
mization in nZEB buildings is of paramount multiparameter importance to further analyze,
since it delves into the limits of the operational constraints of the electricity system. The
present research work offers a first framework for a comparative quantification of the
penetration of rooftop photovoltaics in European selective countries, and the building
storage optimization effects on the electricity market policies, but leaves many fields open
for further deepening. The development of more complex forecasting tools, the integra-
tion of additional parameters. Demographic data, climatic data, local support measures,
regulatory changes, impacts on utilities or prosumer behavior data, may allow the construc-
tion of multifactorial forecasting models that better reflect the complexity of the market.
Value stacking adds multiple revenue flows, even for low «k values, contributing to the
higher rates of penetration and viability. However, a trade-off between them, the technical
confinement of the system and the increased curtailment costs, needs awareness is limited.

5. Conclusions

The predicting model highlights the importance of integrating large-scale penetration
forecasts with localized optimization strategies to capture the full spectrum of value cre-
ation. National markets differ in how they respond to policy mechanisms, with countries
like the Netherlands, Spain, and Italy showing varying degrees of elasticity and sensitiv-
ity to incentives, including signs of saturation or rebound effects. In contrast, Germany,
France, the UK, and Greece are expected to remain largely inelastic through 2030, indicating
limited responsiveness to policy changes and the need for alternative strategies to drive
further adoption.

By analyzing RTPV and storage optimization with the building arbitrage strategies,
novel insights into the role of distributed storage assets in both grid stability and economic
efficiency in urban energy systems are found. Weekly arbitrage gains are limited to 9.1%,
with battery degradation and profitability showing elastic, anelastic, and reverse responses
to policy incentives across different k values. For k < 0.25, arbitrage is unprofitable, while
increasing battery capacity from 0.25C to 2C boosts gains by 161%, with optimal profits
achieved between 1C and 2C.

Arbitrage revenues are overly sensitive to storage capacity sizing, cycles, and con-
trol strategies, and the market conditions, which, in turn, quantify expected impacts on
electricity pricing and volatility.
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The strategic choice and sizing of the battery model and the gains should not be
based on theoretically maximized functionality but should consider the actual economic
environment and the desired degree of utilization. RTPV and battery storage provide
critical multimodal services, enhancing the flexibility and security of the system.

These challenges make the integration of storage at the building level crucial for
maximizing assets and revenues, and at the same time, reduce the pressure on the grid
depending on the corresponding pricing model.
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Appendix A

Table Al. Estimated installed PV and RTPV power (GW) and penetration percentage ratio in

European Countries. Missing data are filled with verified estimations.

PV Installed Power RTPV Installed

Country (GW) Power (GW) Percentage (%)
Germany 82.4 51.0 62
Spain 39.5 8.4 21
Italy 30.3 21.1 70
Netherlands 23.9 19.0 80
France 24.6 12.2 50
UK 16.2 5.7 35
Greece ~5(2022) ~2.5 50

Table A2. Total installed RTPV power per country per year in MW (est.).

Country 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
1 Germany 23,533 24406 25374 27,093 29,347 32,201 36,021 40,486 49,042 59,242
2 Spain 1411 1413 1416 1429 2642 3040 4114 6993 8613 10,530
3 Italy 13,230 13,498 13,777 14,075 14,605 15,155 15,815 17,188 20,852 25,872
4 The Netherlands 1220 1708 2328 3686 5782 8888 11,858 15,680 19,123 20,848
5 France 3569 3851 4305 4814 5364 5958 7301 8670 10,271 12,621
6 UK 3840 4765 5104 5224 5338 5420 5566 5860 6367 7048
7 Greece 1171 1171 1172 1192 1275 1479 19,245 2443 3163 4333
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Figure A1. Structure of a network unit LSTM.

Each unit includes interactive layers (1 — 1,1) which consist of gates, is: input gate, o:

output gate, f;: forget gate, Cy: cell gate. They filter information from the previous step

(t — 1) and transfer it to the next step (t + 1) according to appropriate functions (i, oy, fr, Ct)
and weights (W;, W,, W¢, W), able to modulate input and hidden states (h;_1, hy), through
adjustments within the training process. The forgetting gate decides what piece of informa-

tion to keep or forget from the cell state.

fe = o(Wilhe_1,x¢| +bg),
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o activation function (logistic)
bs: bias of forget gate.
X¢: input at time t,
The input gate determines and decides the input values to be updated, and the cell
gate is calculated as:
it = O'(Wi [ht—lrxt] —|-bi), (A2)

Ct = tanh(We[he_1, x¢] +bc), (A3)

tanh: activation function (hyperbolic tangent)
In the final state, the output gate decides the part of the cell to be output, such as:

ot = 0(Wolhi_1,xt] +bo), (A4)
hy = o + tanh(Cy), (A5)
Appendix C
For any optimization problem of the form
min C(x), (A6)
st h(x) <0, (A7)

The epigraph form of the above is the equivalent optimization problem.

rgizn t, (A8)
st. h(x) <0, (A9)
C(x) <t (A10)

where the auxiliary optimization variable t € R. The combination of the above results into
the following

min ¢, (A11)
X,z
s.t. mzinmax{h(x), C(x)—t} <0, (A12)
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Abstract: The relevance is introducing fourth generation district heating (4GDH), which
decreases operation and maintenance costs by utilizing the efficiency of low temperature
district heating (LTDH). The aim is to develop a methodology allowing for a more flexible
heat demand model and accurate function describing the relationship between outdoor
temperature and heat demand. It is represented by a black-box model based on historical
data collected from heating, ventilation, and air conditioning (HVAC) systems. Energy
delivery/consumption is analyzed with the help of a set of statistical and regression
formulas. The analysis of operational data is then transformed to methodology to regulate
heat supply with combined heat-and-power (CHP) generation. The key features are that
the model takes into account thermal capacity and type of substation; the district heating
(DH) plant is not assumed to have a fixed return temperature and generation profile. The
novelty is an emphasis on DH operation and introduction of statistics into a dynamic
simulation model. With no abnormal buildings, higher accuracy of modeling is achieved.
Most of the consumers are pretty similar in thermal response, even though specific energy
demand and heated volume may differ. Heat demand of an old building is better simulated
with discrete regression, while those with pump-equipped substations are modeled with
linear regression.

Keywords: renewables; energy integration; efficiency; environmental sustainability; district
energy; simulation

1. Introduction

Compared to traditional district heating (DH) systems, the benefits of the fourth
generation district heating (4GDH) concept are the reduced operation and maintenance
(O&M) costs of central plants, increase in efficiency of heat distribution, reduction in cap-
ital expenditure, and great potential to optimize installed capacity [1]. The efficiency of
low-temperature district heating (LTDH) systems is higher if the share of directly supplied
energy is high [2,3]. LTDH systems are globally feasible by implementing the principle
of heat carrier cascading and providing users situated in the newly developed area with
service by integrating them into a high-temperature district heating (HTDH) system. How-
ever, with increasing space heating (SH) share and heated volume/area, along with high
energy consumption and poor efficiency of old buildings connected to an HTDH system,
the seasonal coefficient of performance of a new subnetwork is also low. The present
paper shows that the primary measure before conversion to the 4GDH system is not only a
reduction in energy consumption on the demand side but also a better understanding of
its distribution with an emphasis on not only design data. Researchers are now looking
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for new options, such as booster heat pumps partially powered by solar energy [4]. We
should know the design and actual heat demand to understand how much energy they
may cover. Design values should be adjusted if a new neighborhood is under construction
or operational data are unavailable. That correlates well with the development of more
energy-efficient buildings with low SH consumption, thus constituting the relevance of the
present research.

In practice, mass flow rates (and thus circulation pump energies) are largest in winter
(for heating) and in summer (for cooling) and smallest in the intermediate seasons. If
the DH system is large, the return temperature is high, issues of hydraulic balancing are
expected, and energy consumption for pumping is also high.

1.1. Literature Review

Relative to the current study, Sommer et al. [5] assert that the energy required by
circulation pumps is minor compared to the energy used by heat pumps, thereby having a
negligible impact on the seasonal variation in overall energy consumption. However, in
modeling scenarios, electricity usage for pump operation is typically treated as constant
across all DH systems throughout the year, except in summer. This assumption stems
from distribution networks” uniform and constant mass flow rate control while supply
temperatures are adjusted.

Heat demand plays a critical role in any DH system and is a fundamental element
of operational data. For example, findings in [6] are attributed to the distribution and
composition of heat demand. District energy systems are particularly viable in highly
populated French cities—280 cities with populations exceeding 30,000. To facilitate a
transition to LTDH or 4GDH frameworks, it is essential to lower heat demand through
demand-side measures (DSMs). Another approach involves enhancing the heat transfer
capacity or area of radiators to maintain the same level of heat output with reduced supply
temperatures. Since SH systems are often slightly oversized and poor regulation is a
primary cause of elevated return temperatures, a 10-15% reduction in heat demand for
new buildings may suffice. In comparison, as noted in [7], this reduction aligns with a
potential decrease in residential energy consumption of 16-25%.

DH supply and return temperatures follow the energy demand profile, with the
daily resolution showing the amount of energy at a DH plant that should be generated.
Overconsumption means the supply temperature is excessive, while its lowest threshold
is set to 70 °C. It coincides with periods of low energy consumption by the building
inhabitants or when there is no heat demand for SH purposes, as at the beginning /end of
the SH season. The maximum value for a representative winter day is 7.38 MWh.

In contrast to our approach, Quirosa et al. [8] emphasize that the instantaneous heat
demand met by the DH system corresponds directly to the building’s thermal response.
They link this demand to the building’s requirements and align it with a similar profile
for the compressor power curve. Additionally, they maximize the system’s performance
based on the DH supply temperature and the heat pump’s COP. However, on the analyzed
winter day, the maximum observed value is significantly lower, reaching only 44 kW.

Harney et al. [9] examine a correlation between SH energy consumption and outdoor
temperature. This obvious connection implies that as temperature decreases, the SH
demand of the building increases. That clarifies why energy demand is higher in colder
winter months, although no numerical assessments are given. When fuel consumption is
related to warmer weather and consumer behavior decreases, it is high time modernization
starts the process of conversion into LTDH and 4GDH concepts.

For HTDH, the main strategies include reducing distribution losses by lowering net-
work temperatures and minimizing SH demand [10]. Building on this premise, further
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research could focus on reducing return temperatures in the network and improving mod-
eling accuracy. Unlike earlier studies, this approach highlights low return temperatures as a
critical factor for maintaining high performance and reducing primary energy consumption.
Additionally, achieving a greater temperature difference at the system level facilitates DH
system expansion without compromising the indoor comfort of existing users.

However, the reason for high return temperature is typically not a DH network but
substation tuning, the thermal response of buildings, and occupants’ behavior. During
periods of low outdoor temperature, all the substations of a DH system are running while
the valves in the secondary circuits are fully open. As outdoor temperature increases,
the temperature sensors in front of each SH system close their valves, restricting the flow
through radiators. Nonetheless, the development of accurate simulation models able
to cover such dynamic behavior entails considerable effort [11]. According to Brandi
et al. [11], detailed and sophisticated models cannot always simulate the complexity of
heating, ventilation, and air conditioning (HVAC) systems operation and the effect of
occupant behavior. Therefore, we developed an alternative, represented by a black-box
model based on historical data collected from HVAC systems. After design, heat demand is
adjusted to lower values, and a lower flow rate is also expected. The flow sensor installed
in front of an SH system detects the flow reduction from a DH plant, and restores flow by
opening the bypass valve to maintain the desired temperature in the return line.

Unlike earlier studies such as [12-15], energy demand in this research is modeled
with greater flexibility, accounting for variations in outdoor temperatures, specific building
characteristics, and regional factors, such as whether it is a weekday or a weekend. A new
framework is introduced for simulating steady-state demand in branched DH networks,
addressing the limitations of previous methods. Previously, models were based on a fixed-
point iteration approach, with constraints and the Jacobian matrix configured manually [16].

Kurek et al. [17] focused on DH substations equipped with additional meters to
measure only SH heat demand. In contrast, this study utilized data from shared DH
substations to develop a forecast model applicable across winter, intermediate, and summer
seasons, with design heat demand determined using a specific equation. This approach
enhances the model’s versatility.

Regarding methodologies, Ivanko et al. [18] examined control point temperature,
defined as the final day of the SH season. They applied the least squares method to develop
aregression function for two model segments by establishing a correlation between outdoor
temperature and heat demand. Unlike the present study, they focused on identifying the
control point temperature using piecewise regression analysis.

We developed distinct models for various outdoor temperature ranges using the same
method. A similar approach is demonstrated in [18], confirming the broad applicability of
regression methods for analyzing operational data. While top-down approaches rely on
highly detailed consumption data—often unavailable at DH substations or certain groups
of substations—these methods are closely tied to the DH system’s hydraulic configuration
due to their aggregation level.

In contrast to the present study, the model by Kristensen et al. [19] cannot be directly
applied to predict heat consumption in specific subsections of an existing DH system.
Furthermore, it is unsuitable for forecasting energy demand in newly constructed districts,
such as those arising from urban expansion. We observed subtle temperature differences
between supply and return lines by analyzing operational data from substations farther
from a DH plant.

Barone et al. [20] supported this concept, identifying significant temperature drops
in flow branches relative to the outlet temperature of the power station alongside minor
drops in return branches. Similarly to our findings, they attributed this to abnormal
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thermal responses influenced by the minimal energy consumption of a small number of
DH consumers. As noted in [21], two key reasons for high error rates were identified:
(1) excessively high return temperatures after domestic hot water (DHW) or SH heat
exchangers and (2) flawed design approaches when calculating the surface area of SH
system radiators. For buildings with hydronic SH systems, prevalent in Russia and Europe,
the design secondary supply temperature often results in return temperatures that fail
to reach low values, though indoor comfort is maintained. To address low-temperature
differentials, Ref. [21] recommends checking and upgrading the building’s HVAC system
operation and associated heat demand.

To analyze heat demand, Jebamalai et al. [22] utilized open-source street-level gas
consumption data provided by local gas suppliers. These profiles were derived from
extensive datasets and accounted for typical building types in Belgium. In contrast, this
study assessed the system’s total load by aggregating residential energy consumption,
incorporating operational data, and using detailed profiles. Another distinction lies in the
DH plant modeling: unlike fixed generation curves assumed throughout the year in [22],
this study adopts a more dynamic approach.

In [23], the heat demand of all buildings in a neighborhood is aggregated into a single
substation, representing the district’s average demand. Their model of a district energy
system comprises only a DH plant and a single aggregated district substation, which cannot
capture temperature variations within supply and return lines. By comparison, this study
developed a more detailed model, limiting aggregation to exclude abnormal heat demand
profiles. This approach enhances accuracy while reducing the number of demand peaks.

DHW was not included in Luc et al.’s [24] model. However, DHW is typically a reason
for hourly peaks in flow rates and return temperature. Since their model contains SH
only, the baseline scenario is characterized by decreased energy consumption during the
daytime, according to solar insolation. The difference is that the simulation model used
here includes both SH and DHW consumption; we performed a more detailed study of
some buildings.

Contribution to the pool of knowledge is the analysis of operational data, which is
then transformed into developing a methodology to regulate heat supply into a branched
network with CHP energy generation. The key feature is that the model considers thermal
capacity and the type of substation. They both strongly influence the DH operation
and imply that smart regulation strategies may be implemented to regulate the network
according to actual heat demand rather than design one. Compared to the present paper,
Guelpa et al. [25] report that the amount of thermal energy stored in heat accumulators is a
considerable share of energy used to heat the various masses in the system. They conclude
that this result is extremely significant, but no attempts have been made to study the effects
of thermal capacities within the pool of operational data.

Farougq et al.’s [26] limitation is caused by the DH system. For instance, a reference-
group-based approach cannot be directly applied to the building substations to adjust
any automatic control mechanism when a faulty operation is detected. The first aspect of
the novelty here is that we emphasize DH operation and cover the energy consumption,
following solely individual consumers’ requirements. The difference is that implementing
centralized control achieves better results. The pressure level at a CHP plant may also
change via a centralized supervisory control and data actuation (SCADA) system to deliver
ample flow to DH substations.

Based on the surveyed literature, the second aspect of novelty entails deducing a
relationship between outdoor and supply temperatures (i.e., fuel consumption) for any DH
plant at any time. The next step is establishing a new regulation method for the possible
energy demand ranges presented in the Results and Discussion. This method should be

80



Energies 2025, 18, 1259

accurate for any season, including winter and moderate cold days. Unlike now, we used to
assume that most substantial deviations happened during average outdoor temperatures
of 0-20 °C, i.e., in the intermediate season or the end and the beginning of winter when the
network temperatures and energy consumption experience peaks in volatility [27].

We declare that validated operational data are essential for such suggestions, although
data treatment and smart data applications (big data, artificial neural networks) still re-
quire manual adjustment in most cases. The difference between the approach of Kleinertz
et al. [28] and the one presented here is the necessary actions mentioned in the transforma-
tion strategy guideline. They include replacing missing consumption data and derivation
of data determination and integrating cross-sectoral data in the study. However, some
statements are similar, as we conclude that data from the network itself are crucial, as
well as the type of buildings required to assess their flexibility and ability to follow the
predetermined control strategy.

1.2. Summary

This paper introduces a novel approach to the transition from HTDH to 4GDH systems
by emphasizing the critical role of operational data in developing a flexible heat demand
model. Unlike previous studies, which often rely on design data alone or simplified
fixed-point models, our research highlights the necessity of combining design and real-
time operational data to understand energy distribution dynamics better. The primary
innovation of this study lies in creating a new regulation methodology that establishes
a dynamic relationship between outdoor temperature and heat demand, ensuring more
accurate predictions for various consumer types and seasonal conditions.

Our model integrates statistical and regression formulas with operational data col-
lected from an HTDH network during 2020-2021. This dual approach allows us to address
the limitations of traditional methods by adapting to fluctuating energy demands and
capturing the effects of thermal capacity, building characteristics, and consumer behavior.
Furthermore, the study proposes a centralized control strategy using validated operational
data, moving beyond the conventional decentralized methods that often fail to account for
the network’s dynamic behavior.

Another key contribution is introducing a new simulation framework for branched
DH networks. Unlike earlier models that relied on aggregated heat demand at a single
district substation, our method limits aggregation to reduce inaccuracies from demand
peaks and incorporates CHP generation. Additionally, this framework incorporates smart
regulation strategies, enabling real-time adjustments based on actual heat demand rather
than design assumptions.

In summary, the innovations of this research are twofold: (1) the development of a
flexible and dynamic heat demand model that leverages both design and operational data,
and (2) the establishment of a new regulation methodology for DH systems that optimizes
supply temperatures and flow rates across varying seasonal and consumer conditions.
These advancements offer a robust foundation for transitioning to 4GDH systems and
improving the overall efficiency and adaptability of DH networks.

The aim is to develop a methodology that allows a more flexible heat demand model
and an accurate function that describes the relationship between outdoor temperature
and heat demand for various types of consumers. It should be sufficiently generalized
to require only substation operational data for simulation regardless of the network type.
To the best of the authors” knowledge, to achieve this aim, energy delivery/consumption
from the supply and return pipes has never been analyzed with the help of (a) the set of
statistical and regression formulas and (b) operational data from an HTDH network.
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2. Materials and Methods

This study aims to evaluate the performance of DH substations with a focus on return
temperature efficiency, hydraulic balancing, and energy losses. The primary objectives in-
clude assessing the impact of substation configurations on heating performance, analyzing
seasonal variations in supply and return temperatures, and identifying key inefficiencies
in DH networks. The study employs a combination of operational data analysis, system
modeling, and comparative evaluation against established performance benchmarks.

Operational data were sourced from a central SCADA system, covering key parameters
such as supply and return temperatures, flow rates, and outdoor temperature fluctuations.
The dataset spans multiple seasons to capture variations in heating demand and efficiency.
Additional data, including building characteristics and heat consumption patterns, were
gathered to support the analysis of substation performance across different building types.

The study employs a computational model to simulate DH system performance
under various conditions. The model integrates real-world data with predefined system
parameters, including substation configurations, mass flow rates, and thermal losses. To
enhance accuracy, the model accounts for known inefficiencies such as poor mixing, heat
losses due to insulation deficiencies, and delayed temperature adjustments in remote
substations. Comparative modeling was performed using existing methodologies, such as
Vandermeulen et al. [23] and Kurek et al. [17], to validate findings.

Model validation was conducted by comparing simulated results with recorded
SCADA data. Key performance indicators (KPIs) such as return temperature deviation,
energy efficiency, and heat distribution accuracy were analyzed. A sensitivity analysis was
performed to assess the impact of varying input parameters, including supply temperature
adjustments, mass flow regulation, and seasonal variations. Findings were cross-validated
using industry benchmarks and previous studies to ensure consistency and reliability.

The traditional modeling approach assumes that heat demand for any given conditions
(outdoor temperature) is stated as

tin — tout
Q' = 5oy M
where QT}, is design heat demand (at design outdoor temperature) [MW];

tin is the indoor temperature [°C];

tout is the outdoor temperature [°C];

DOT is the design outdoor temperature [°C].

Supply and return temperatures, respectively,

—o0s Q-0
0P = 4 ArQ 4 9 5 @)

~08  Q-¢
tel = tin + AYQ T — Qz 3)
where At’ is the annual average temperature difference between the mean radiator temper-

wp sk .
ature —-—F and indoor temperature t;, [°C]
tsup + tret

A = % — tin 4

tret

su
where twlf and t;;)

are the design supply and return temperatures within an SH system.
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The relative heat demand Q [-] is

= QT o (tin - tout)
©= QT = (tw - DOT) ©

¢’ temperature difference within an SH system [°C]:
(6)

/ __ Sup ret
0 = twp — th

Mass flow rate is .
%Z“ﬁ%;4* ()
Cw : (twl}) + t;gf,)

where C,, = 4.187 is the specific heat capacity of water [k]/kgK].
True value of heat demand for a particular day is better described as

Xi=Xi+V; (8)

where X; is recorded (raw) heat demand for hour i; V; error for hour i.
The average heat demand is

i X
=1 )

i

X:

where n is the number of the data points (hours, days, etc.).
The standard deviation of heat demand is

(10)
while sampling variance is
(11)
(12)
(13)
Degrees of freedom k depend on the number of bins r
(14)

k=r-3
If Xi% q < xi < xi_ -1 then the distribution is symmetric and unimodal. That means

that Student's factor might be applied.
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Frequency of heat demand with a value within the corresponding bin

H»l — ~ —
i1 —X) X=X
/ p, (x)dx = <5x ) q>< 5 ) (15)

where X;, Xi 1 are left and right bin boundaries, respectively; ®(z) is the probability density

for the normal distribution,

®(2) / e 2 dt (16)
F
Abnormal values of heat demand were found as
V] = Ximax — and v, = 7)( — Xmin, (17)
Sx Sx

Calculated vq and v, values are then compared to the threshold values of v. For every
acceptable level of error (e.g., 3%, 7%, 10%), these threshold values can be extrapolated
using Table 1.

Table 1. Threshold v-values.

Number of Data Points Acceptable Accuracy of Acceptable Accuracy of

(Hours, Days) n Modeling 10% Modeling 5%
3 1.414 1414
4 1.710 1.728
5 1.917 1.972
<...> <> <>
10 2414 2.616
11 2.470 2.689
<> <> <>
28 2.929 3.258
<> <> <>
39 3.065 3.413
40 3.075 3.424
<> <> <>
52 3.175 3.534
<> <> <>

With the help of Table 1, the threshold values can be extrapolated for any number of
the data points n. If v or v, are higher than v, then the corresponding Xmax or Xmm are
called abnormal values of specific heat demand.

Accuracy is defined as

& = tpSx¢ (18)

where t;, is the Student factor for k set as
k=n-1, (19)
Systematic error is
0=1k /) 02, (20)

where 6; are bin boundaries; k is the adjusting factor, set to 1.1 if an acceptable modeling
error is 10% or to 1.4 for an error of 5%.
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If

0
— < 0.8 21
5. < 1)
then
A=5 (22)
If
E > 8 (23)
SX 14
then
A=9, (24)
otherwise
A =KSy, (25)

where K is the ratio of systematic error and standard deviation of heat demand:

5+ 6

K= #, (26)

S oo

S + —

X i-1 3

Sy standard score:

m 9'2 )

Sy = ' 1?—#8? (27)
1=

Heat demand for every building for any given temperature range is then defined as
X=X=£A, (28)

To compare, Harney et al. [9] calculated heat demand using the EnergyPlus model.
To sum up, input parameters applied for modeling are outdoor, supply/return tem-
peratures, and flow rates at both local (substation) and central (DH plant) levels.

3. Case Study

This paper presents two case studies to uncover the advantages of using a novel
modeling approach. Due to the similar solutions encountered in low-temperature district
heating or cooling worldwide, case studies are presumed quite indicative and equally
acceptable for any individual application worldwide. Both are DH systems in Omsk,
Russia. The first is the set of districts connected to a large CHP plant (CHPP#5) with a
higher-than-supposed return temperature, exacerbated by its high variation throughout the
building stock. After measuring network temperatures and flow rates, the highest return
temperature and the lowest modeling accuracy were recorded in sections that mainly serve
residential buildings. Therefore, the second case study is a district comprising a section of
a traditional second generation HTDH system in Omsk. Its design heat demand is set to
250 MW and reasoned to circa 15,000 inhabitants living with a designed indoor temperature
of 20 °C and a primary network temperature regime of 150/70, which has never been
met. The geographical arrangement of the buildings, together with the configuration of a
transmission network, is illustrated in Figure 1.
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Figure 1. Scheme of the studied DH system in the Omsk city (Russia). Residential neighborhoods are

yellow. Industrial zones and business parks are green. The DH network is presented as blue lines.
The considered section of the DH network starting from CHPP#5 (“T'SILI-5") is highlighted in red.

This case study complies well with the current international development direction to
shift towards higher energy efficiency in northern cold climates for rural heating in line
with 4GDH and LTDH concepts. The building stock comprises 190 buildings, including
grocery and hardware shops, office buildings, and three malls. The district’s choice stems
from it being a typical one with a significant share of residential buildings. They are
responsible for more than 72% of the total heat deliveries of the DH network studied in
this paper.

The buildings analyzed in this case study represent a range of typologies, from high-
rise buildings to single-family houses, with varying insulation levels and heating systems.
These buildings are located in several regions across Eastern Europe and Russia, where DH
is prevalent.

The buildings in this study span a wide range of ages and types. The oldest buildings,
constructed before the 1980s, comprise about 30% of the case study population. These
buildings typically have poor insulation and are heated by centralized DH systems. Many
buildings are inefficient due to outdated heating systems, leading to high heat demand
and greater reliance on DH. The second group includes buildings constructed between the
1980s and 2000s, representing 40% of the case study buildings. These buildings generally
have moderate insulation levels and less efficient heating systems than newer models. The
remaining 30% of the buildings are modern, having been constructed after 2010. These
newer buildings feature energy-efficient designs with high-quality insulation, modern heat-
ing systems, and, in some cases, renewable energy sources, such as solar panels for water
heating. These buildings have lower heat demands due to their higher thermal efficiency.

Insulation levels are a critical factor influencing heating demand. About 50% of the
buildings in the study have low insulation, typically those built before 1980, which results
in higher heat losses and greater energy consumption. Around 40% of the buildings
have moderate insulation, mostly those built in the 1980s to 2000s. In comparison, the
remaining 10% of the buildings are highly insulated, which reduces their heating demand
and improves energy efficiency.

The heating systems in these buildings vary significantly. Most older and mid-aged
buildings rely on centralized DH systems, which distribute heat from a central source
to multiple buildings through a network. Modern buildings, however, are more likely
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to use individual heating systems, such as gas-fired boilers or heat pumps, which are
more energy-efficient and allow for better control of heating levels. These systems are
generally more adaptable to the specific needs of each building, resulting in lower energy
consumption and cost.

3.1. Data Collection

A comprehensive data collection approach was employed to analyze the energy
performance of these buildings and their respective DH systems. With hourly resolution for
heating demand and environmental parameters, data were gathered from utility companies,
local heating providers, and building energy management systems. This dataset contains
mean daily temperatures and flow rates recorded automatically at each line of a DH plant
for more than 2 years, from 1 January 2020 until 31 December 2021. Unlike now, we
used to assume the processing to bring together the makeup rate of all lines for identical
periods [29]. Furthermore, that analysis was based on the dataset with hourly measured
data. The heat supply and makeup water demand are analyzed for these periods separately.
To compare, Volkova et al.’s [30] input parameters used for simulation were outdoor, supply,
and return temperatures.

3.2. Modeling Framework

The modeling framework used for this study integrates building energy performance
models with DH system simulations. These models consider building characteristics
such as insulation levels, heating system types, and occupancy patterns. The simulation
framework was designed to predict heating demand under different operational scenarios,
including variations in outdoor temperature, energy prices, and the adoption of renewable
energy technologies.

3.3. Validation Metrics

A range of metrics was used to validate the models, including the standard deviation
and the total error, comparing the predicted heating demands with actual consumption
data from the buildings over the study period. These metrics provide insight into the
accuracy and reliability of the simulations, helping to refine the models and ensure that
the predictions align with real-world performance. The validation process also includes
sensitivity analysis to determine how different building characteristics, such as insulation
levels and heating systems, impact the overall heating demand and system efficiency.

4. Results

It is relevant to note the potential to utilize all the delivered energy efficiently, which
shows the ratio of exergy used to exergy delivered from the distribution system and
depends on the substation configuration. Bearing in mind substations equipped with a
pump, we start analyses in this section of a DH system with the simplified type of substation.
They include throttle devices only (such as an orifice flange or a hydroelevator [31]) and
are widespread in Russia, China, post-Soviet countries, and Eastern Europe. A substation
with a hydroelevator and a mixing shunt is illustrated in Figure 2.

Figure 2 illustrates a substation with a hydroelevator and a mixing shunt, critical
components in DH systems, particularly in regions like Russia, China, and Eastern Europe.
These components regulate temperature and flow, influencing heating performance and
occupant comfort. The efficiency of such configurations directly impacts the delivery of
heat energy, making it essential to assess their role in ensuring optimal thermal conditions
within buildings.

Most of the year, supply temperature varies between 70 and 100 °C, while the total
flow rate experiences less significant fluctuations. Figure 3 shows that the total flow rate is
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Figure 2. An example of key components of a typical substation: the hydroelevator and a mixing
shunt are red.
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Figure 3. Operational data obtained from a central SCADA system: (a) CHP flow rate and
(b) return/outdoor temperature profiles.

Most of the year, supply temperatures fluctuate between 70 and 100 °C, while total
flow rates vary based on demand. Figure 3 presents operational data from a central SCADA
system, showing (a) CHP flow rates and (b) return and outdoor temperature profiles.
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The data highlight the significant impact of outdoor temperatures on heating system
performance. For instance, return temperatures are higher on warmer days, reducing
heating efficiency. This effect is particularly noticeable during seasonal transitions (fall
and spring), where excessive indoor temperatures result in energy wastage due to open
windows. The hourly variation profiles demonstrate that heating loads are not evenly
distributed throughout the day, influencing supply and return temperature stability.

It is worth noting that the hourly variation profile is not similar for all the days.
For instance, peaks and valleys were more distinct on the 26th and 27th of December
2020 (refer to Figure 3a), i.e., for weekdays. However, the daily difference is attributed
chiefly to the days with high outdoor temperatures (—5~+5 °C) when CHP production and
system capacity are lower because of higher circulating flow and higher return temperature.
During winter, the outdoor temperature ranges mostly between —20 and 0 °C according to
the dataset recorded at the SCADA system values. There are several zones describing the
correlation between actual and design return temperatures. The first zone is defined by the
outdoor temperature ranging from —30 to —15 °C when the supply temperature is about
90-100 °C and SH-related consumption is high. This supply temperature is not enough—it
should be 120 °C and above. Moreover, due to high heat losses, a temperature drop of up
to 15 °C is registered on the way to the most remote substation. That means the return
temperature also depends on the location of a substation. The second factor is irregular
hourly temperature fluctuations due to consumers’ uneven heating loads throughout the
day. The second period occurs during falls and springs, when the supply temperature
exceeds 70 °C due to DHW consumption, with excessive heat being released from the open
windows to prevent indoor temperatures from rising. The latter time period is mostly
responsible for inefficient energy use.

As shown in Figure 3b, high return temperatures lead to inefficiencies in DH systems,
affecting energy distribution and electricity generation at CHP plants. The correlation
between return temperature levels and substation efficiency has been well documented,
including by Farouq et al. [26], who emphasize the importance of monitoring return
temperature as a control metric in Sweden. The elevated return temperatures observed
in this study suggest inefficiencies in mixing and flow regulation, particularly in older or
poorly maintained substations.

High return temperatures (circa 11% higher) heavily affect the overall operational
efficiency of the DH system and deteriorate electricity generation at a CHP plant. Further-
more, the return temperature is a decent parameter to check a substation for poor operation.
In addition, according to Farouq et al. [26], the analysis of return temperature levels is a
commonly applied control check on the operational efficiency of substations in Sweden.

To compare, Vandermeulen et al. [23] established a model where an average substation
represents a whole residential area containing n buildings. Hence, the requested mass flow
rate of the aggregated substation is multiplied by n, while the supply and return tempera-
tures are assumed constant throughout the year. In [32], a cooling return temperature of
30 °C is assumed for the district energy substations of data centers. Moreover, all supply
and return temperatures are fixed during the year again, which is hardly true.

However, Figure 3 shows a higher-than-should-be return temperature, which is rea-
soned to the fact that the optimal supply temperature reaches the substation a few hours
after leaving a central plant. In developing countries, this ordinary consideration is further
exacerbated by the poor condition of the DH network (Figure 4), which is responsible for
high-temperature drops and delays.
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Figure 4. An example of high distribution heat losses due to poor insolation.

Figure 4 demonstrates the significant heat losses in DH networks due to poor insula-
tion. These losses contribute to increased energy demand and reduced system efficiency,
ultimately affecting heating performance and thermal comfort. In developing countries,
where DH networks often suffer from infrastructure degradation, temperature drops and
delays exacerbate the problem. A temperature drop of up to 15 °C has been recorded on
the way to remote substations, meaning that buildings in different locations within the
network experience varying levels of heating performance. Such disparities underscore
the need for targeted interventions, such as improved insulation and better hydraulic
balancing strategies.

For its part, that results in high return temperature, hydraulic balancing issues, and
low modeling accuracy. However, a 1-degree decrease is beneficial since it results in 22%
lower heat losses (regarding W/m? unit) [33]. A possible reason is poor mixing at DH
substations (mainly in urban districts), as throttle devices are increased in diameter, and
substations are tuned during cold winter days.

However, performance adjustments in a new substation can be achieved without
damaging the hydraulic balancing of the network. The problem is aggravated when the
supply temperature or mass flow increases. Prosumers, plant, and a distribution network
can adjust their mass flow rates without affecting the hydraulics of other prosumers. The
highest difference between actual and design return temperature is registered during the
coldest days (refer to Figure 3b). Moreover, the overall trend is negative because the
monthly average difference increases, cf. 5.3 °C in January 2020 and 6.4 °C in January 2021.

Figure 5 visualizes the contribution of different buildings in total heat demand dis-
tributed by their total heated area.
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Figure 5. Abnormal values are colored in red. In particular, dynamically deployed substations
achieve higher energy savings in the DH system than their linearly deployed counterparts.

Most abnormal consumers have a total heated volume of 15,000 m? and above. The
possible hypothesis is that the higher the building volume, the lower the concentration
of inhabitants/employees is. The best linear model, the partially linear autoregression
with R2 of 0.7341, has formula as Q = 2 x 10 2tyy + 0.0278. To compare, Kurek et al. [17]
obtained input features with the forward feature selection algorithm. However, similar
correlations and selected weather features are also listed in [17].

Figure 5 highlights the contribution of different building types to total heat demand,
with abnormal values indicated in red. The data reveal that larger buildings (above
15,000 m? in heated volume) tend to have lower inhabitant densities, which affects heating
patterns. The figure shows that dynamically deployed substations achieve higher energy
savings than linearly deployed ones. These findings align with prior studies [17], indicating
that system design and deployment strategies are crucial in optimizing energy efficiency.

The final conclusion is that 12 consumers (6%) are responsible for low accuracy, while
11 seem energy-efficient. However, seven are office buildings, shops, and car parks with
indoor temperatures of 12-18 °C, which is the main reason for low energy consumption.
Only four buildings are new energy-efficient residential buildings, all equipped with
pumps, and the rest with throttle devices. Excluding these four buildings, all the others
have almost similar energy density—specific energy consumption per surface area. Linear
heat density is one of the key indicators.

To compare, Patureau et al. [6] use linear heat density as a threshold to divide con-
sumers into those with sufficient and insufficient values. For one of the major cities, the
former is 8.3 km from the city center, while the latter is farther than 8.3 km but closer than
28.7 km away. As with us, locations favorable for a DH system contain mostly old buildings
and feature a high share of heat demand from the residential sector.

At the same time, the newer buildings in the residential sector are much more energy
efficient but exhibit a more fluctuating and stochastic heating pattern. The reason is that
large buildings do not behave as a single zone with steady-state mixing and uniform indoor
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temperature distribution. In actual buildings, the solar gains are not distributed evenly
across all the indoor spaces.

Figure 6 clarifies the large difference in the heat demand levels, which is typical
among consumers.
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Figure 6. Abnormal values of heat demand have been cropped. That leads to higher accuracy and
more evenly distributed SH demand in the modeled districts.

At the same time, most of the buildings in the case study area have an overall high but
steady specific energy consumption. Excluding abnormal heat demand profile increases
the accuracy and decreases the number of heat demand peaks. That takes any deviations
from design values into account and makes it meaningful to calculate the accuracy of
a novel or an error of a traditional method. At the same time, that does not cause any
fundamental changes to the substation thermal response; therefore, this form of aggregation
is considered viable for this research. Furthermore, DHW consumption and solar radiation
do not influence the indoor comfort of all spaces in the same manner over the day, as the
space normally has differences in the number of inhabitants/occupants and windows, e.g.,
with one or two orientations. With no abnormal buildings, high modeling accuracy (98.2%)
is easily achieved using regression y = 2 x 1075 + 0.0061. If so, that results in a substantial
improvement of temperature control performance compared to the traditional scenario,
when the temperature control is performed with higher error due to dynamically deployed
factors. Hence, it was possible to compare the recorded energy consumption for SH and
DHW with the building footprint and height. For instance, 50% of consumers have a heated
volume of 5000 m> and below, while 85% have a heated volume below 25,000 m3. With no
abnormal values, the total heat consumption of the DH system decreases by 7.3%.

The analysis showed that a quite high coefficient of determination ensures more
efficient SH heat use. Modernizing calculations according to the heat demand of regular
consumers may ease the design guidelines. Other upsides are establishing a benchmark for
efficient energy use and easing decision-making when considering network expansion. The
regulation system trained with such a dataset can adapt to the different requirements in
different conditions, achieving higher accuracy than following the reference method. The
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control strategy becomes more solid and sound while the issue of high return temperature
is alleviated.

To compare, Ivanko et al. [18] considered the data for the energy consumption in a
hotel in Norway, which has a substation with two separate heat meters for the SH and
DHW. Their model had R2 of 0.97 and 0.76 for SH and DHW heat use, respectively. The
difference with [6] is that each district comprises an equivalent number of occupants (for
the residential areas) or staff (for the commercial ones).

The operational heat demand of Omsk, Russia, for 2021 (frequency histogram shown
in Figure 7) is input for each building type to the average building demand profile.
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Figure 7. Frequency distribution of specific heat demand.

In total, 62% of consumers have specific values ranging between 1.2 x 107> and
2.3 x 107> MW/m3. The total energy consumption of the 20-30 old buildings remains
almost unchanged, resulting in the same specific heat demand value. However, poor
network conditions increase distribution losses (and thus fuel consumption) in the heating
network’s branch to the oldest buildings. We see a reduction here, which is well represented
by 0.00002336 =+ 8.2% according to Equation (28). Due to further demand-side measures
and new buildings constructed in the DH area, average specific heat demand is expected to
decrease by 2-3% yearly.

The results suggest two possible directions. One is to use the specific load analyses
and the nascent network analyses against the districts of other cities when modeling. For
instance, for neighborhoods that may switch to such configurations, the district-level energy
demand data are mapped to a GIS map using the total volume [m?] or surface area [m?]
ratio for each archetype. Another way is to configure an in-district heat distribution system
“as is’ but fix current malfunctions on the demand side, where the difference is the largest.

Now, all the buildings are divided into the following reference groups (archetypes):
old traditional ones (>0.00003470 MW /m3), new energy efficient (>0.00005736, but
<0.00003470 MW /m?3), and industrial (<0.00005736 MW /m3). To compare, in [22],
all the buildings are divided into similar building types: residential, commercial
(<0.15 GWh/year), and industrial (>0.15 GWh/year). Specific heat demand in energy
use per unit of heated volume is also more accurate than traditional indicators such as
linear heat density. Based on linear heat density, Patureau et al. [6] determine the area
acceptable for placing a DH system—its average surface is 3.7 km?, while an area of
14.2 km? has insufficient linear heat density. These conclusions may become incorrect
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once the MW /m? indicator is applied. Another relevant comparison is the potential for
improvement due to energy efficiency measures on the consumers’ side (in the LHCD area);
in [4], a value of 2.4% is reported.

When studying the archetype of old traditional buildings, the most evident trend in
Figure 8 is a significant increase in energy consumption on the coldest winter days.
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Figure 8. Correlation between actual (blue points) and design (orange ones) heat demand and
outdoor temperature. Zones outlined in blue and green represent periods when the flow rate could
be cut since the actual heat demand for old buildings is much lower. The days with high average
outdoor temperatures ranging from 5 to 30 °C are the days when DHW demand was the most
important factor (red).

The annual energy consumption is 1.063 GWh with a peak level of 7.64 MW. The
annual average demand is 3.19 MW, with a dispersion of 4.26 MW. In a residential building,
heat is consumed from the DH system to cover both SH and DHW demands. Different
systems’ operation modes are also noticed, as indicated by various energy demand levels.
There are three temperature ranges when heat demand does not depend on outdoor tem-
perature but could be related to the building’s substation tuning or occupancy scheduling.
Therefore, most of the time, the temperature of return water fed back into the network is
larger than it should be. Moreover, heat demand is usually larger than the design curve
(orange), while accuracy is pretty low.

That means the traditional modeling approach (orange dots) for an old building is
incorrect. The heat demand of a building is better simulated with a discrete regression like

if 3-day average tou < 0.85DOT, then Q = 0.75Q 45,

otherwise Q = 0.5Q jes

The time period with the highest energy demand (blue zone) is winter, with a peak SH
energy demand of 7.8 kWh, accounting for 163.4% of average demand at outdoor tempera-
tures of 0~—30 °C. Therefore, during the coldest winter days of peak heat consumption,
the appropriate regulation strategy is expected to reduce the difference between energy
delivery and consumption until it becomes negative at any specific time step. It means that
this zone depends on thermal inertia as the peak demand correlates with maximum heat
delivery and energy accumulated within building envelopes for the normal consumption
profile (green zone). It may also vary from district to district depending on its location with
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respect to a DH plant and flow velocity. However, in addition to distance, heat losses, and
flow velocity, many more factors can affect energy efficiency annually. There are even more
factors that may have an impact on heat demand during several years of operation [34].

Moderate-cold days represent a time range where enough heat is supplied for SH
purposes, and substations could be set back to normal regulation. That is due to external
physical factors such as higher outdoor temperatures (—10~+5 °C mostly), more intensive
solar radiation, and no winds, which may naturally increase the building’s indoor temper-
ature and thus decrease the SH consumption during this time. The SH demand is much
lower in the fall and spring months. However, heat demand does not reduce to zero in
March, April, and September, even for outdoor temperatures above 0 °C.

Outlined with red, the range indicates the time period when heat is supplied for
DHW only and the SH systems are forcibly turned off. To compare, Guelpa [25] points
out that the excessive amount of heat energy required over the peak demand (0.4 GWh)
is mainly consumed to heat the system’s thermal masses (0.33 GWh). In [9], the period
with the highest heat consumption is winter, with a total SH energy demand of 276 kWh,
accounting for 26.4% of annual demand. To sum up, in [9,25], the SH demand is much
higher in the winter months while—the same as here—heat consumption plummets to zero
in summertime.

The novel model outperforms the traditional approach in all the simulated periods
with the sampling variance Sx” (Equation (11)) of 0.68 MW for the winter season, 0.23 MW
for the summer season, and 0.51 MW for the intermediate season. At the same time,
the MAPE is 8.4% for the winter season, 4.3% for the summer season, and 6.9% for the
intermediate season. To compare, in [17], MAPE was 2.6/3.2% for the winter season,
4/5.8% for the summer season, and 7.4/8.5% for the intermediate one for an ANN with
autoregressive input forecast/Ridge Regression, respectively. Much higher MAPE in
winter is due to the inability to keep proper supply temperature according to outdoor
temperature due to high heat losses, hydraulic balancing issues, and worn-out equipment.
Wirtz et al. [32] report an annual heating demand of 6.36 GWh with a peak demand of 2.01
MW. The annual cooling demand is 10.04 GWh and shows a peak of 2.42 MW. Omsk has
no district cooling network, even though building stock comprises university laboratories,
malls, office buildings, and data centers—the same with [32].

Buildings with pump-equipped substations can be modeled with the help of simple
regression, like y = kx + m (Figure 9).

The maximum energy consumption for the new building is 11.66 MWh, which is
only 31.2% higher than the winter average. The deviation (Equation (10)) is also much
lower, accounting for only 2.7 MWh. The difference with the previous Figure 8 means
that there is almost no requirement to provide heat to the system components during peak
conditions by increasing the SH supply temperature (Equation (2)) before the coldest days.
We found a correlation between outdoor temperature and heat demand. Based on the
identified correlation coefficient (0.89), it is relevant to conclude that outdoor temperature
has a main role in supply and return temperatures in the outdoor temperature range of
—30~+8 °C. External conditions also affect the system but to a lesser extent. It is also
relevant to compare to our previous paper, covering regulation of supply temperature at
the outlets of a CHP plant over 2 years where trend lines were —799.04to; + 26,581 and
—820.23tout + 26,630 curves. There was no harmful effect of overheating due to supply and
return temperature levels being lower. The overheating effect is checked against the design
heat demand for the same outdoor temperature. Although the impact of other factors is
limited, the difference between design and actual heat demand is higher in the range of
low outdoor temperatures.
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Figure 9. Heat demand given mainly in the new buildings. Please pay attention to the days with low
outdoor temperatures ranging from —30 to 0 °C. Operational data points are presented in blue, while
regression-based points for the same values of outdoor temperature are in orange.

There is an even clearer deviation between operational and design heat demand in
new buildings, cf. Figure 8 for old buildings. This discrepancy is attributed to the fact
that the SH systems have difficulties keeping indoor temperatures due to the aging of
building envelopes. Therefore, the secondary temperatures are generally increased by
manually tuning the SH system set points. In modern buildings, heat demand above
the buckling point of +0.3 °C is set much lower due to DSMs. It also makes it much
closer to design values within this range. DSMs is a term consolidating efforts taken to
manipulate the consumption profiles by enhancing the performance of building envelopes,
load management, and adapting the flexible demand profiles [35].

Decreasing the difference between operational and design heat demand in buildings
is believed to promote the LTDH concept. If a high-temperature difference is achieved, the
flow rates within the distribution are lower; therefore, the investments and operational
costs to cover additional electricity consumption for pumping are also lower. Like the
present paper, Romanov et al. [7] declare better potential for the lower temperature charts’,
once a better understanding of heat demand and higher modeling accuracy is achieved.

When the SH and DHW systems work simultaneously, the DH system is considered
to follow heat mode. It consumes only the energy required to ensure indoor comfort from
the DHC, provided that the supply and return temperatures are enough to cover the DHW
requirement of buildings. This diminishing evolution is gradual and observed over the
daytime steps.

To compare, in [8], the maximum peak demand of the combined district cooling and
heating system was 64.2 kW for cooling and 12.4 kW for heating. That brings the idea of
applying the method in detail to district cooling systems in the first place. It should also be
emphasized that the actual demand profile and the simulated one are never totally similar
due to the impact of uneven factors. For instance, the DH system inevitably accumulates
some heat energy, thereby leveling heat demand fluctuations [36-38].

The aggregation is suggested as follows: as the heat demand profiles of each archetype
became known (both old and new buildings), the average heat demand for each outdoor
temperature is calculated according to y = f(x) regression. This average heat demand is
then applied to the substation model, representing a single building substation for each
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temperature range. Another contribution to the pool of knowledge made is that the return
temperature is no longer fixed. There is a generalized methodology that considers that
return temperature varies with the supply temperatures and the overall heat demand.

5. Discussion

This research addresses several critical gaps in the existing literature regarding the
performance and energy efficiency of DH systems. Previous studies often focus on iso-
lated aspects of building energy use or heating systems without thoroughly integrating
the diverse characteristics of buildings or the operational dynamics of DH systems. By
including a comprehensive dataset of case study buildings spanning a range of typologies,
insulation levels, and heating systems, this study provides a more holistic understanding
of how various factors influence the efficiency of DH.

One of the key findings from this research is the significant impact of building age
and insulation levels on heating demand. Older buildings, especially those constructed
before the 1980s, have considerably higher energy consumption due to poor insulation
and outdated heating systems. This finding is consistent with the existing literature, which
shows that thermal inefficiency in older buildings leads to higher heating demands, often
requiring higher energy input to maintain comfortable indoor temperatures. However, this
study further quantifies these effects, showing that buildings with low insulation levels
consume up to 30% more energy than highly insulated buildings of similar typology. This
is an important contribution as it offers specific data to help inform strategies for retrofitting
and improving the energy efficiency of older building stock.

Another significant contribution of this study is its exploration of the varying perfor-
mance of DH systems based on building typologies and heating systems. While much of
the existing research focuses on centralized DH systems, this study highlights the growing
role of individual heating systems in newer buildings. These modern systems, such as gas
boilers or heat pumps, offer greater energy efficiency and more precise control over heating
demand, which is not often captured in traditional DH research. By integrating centralized
and individual systems into the modeling framework, this research addresses the gap in
understanding how mixed heating systems perform in different building contexts.

The validation of the modeling framework also represents a significant advancement.
Many prior studies have relied on theoretical models or simplified assumptions, leading to
less reliable conclusions. By validating its predictions against actual heating data over a
four-year period, this research provides a more accurate and trustworthy model for future
studies. The use of metrics like mean absolute error (MAE) and root mean square error
(RMSE) allows for a robust assessment of the model’s accuracy, and the sensitivity analysis
helps to pinpoint which factors (e.g., insulation levels, heating systems) most significantly
affect the performance of DH systems. These methods provide a clearer picture of the
uncertainties inherent in energy modeling, often limitations in previous works.

Furthermore, this study’s inclusion of data over a two-year period, spanning from 2019
to 2021, addresses the gap in temporal analysis seen in earlier studies, which often focus on
shorter timeframes. Including multiple years of data enables a more nuanced understand-
ing of seasonal and long-term variations in heating demand, improving the reliability of
the findings and making them more applicable to future energy policy decisions.

Regarding policy implications, the study provides valuable insights into the need for
targeted interventions in renovating older buildings. It emphasizes that without addressing
insulation deficiencies and improving heating systems in these buildings, the potential
for reducing energy consumption in DH networks will remain limited. Additionally, the
findings point to the importance of promoting more efficient heating systems in new
constructions, which could further optimize energy use across DH networks.
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Compared to existing studies, which may focus on either the building or the DH
system in isolation, this research offers a more integrated view, considering the individual
building characteristics and the broader DH infrastructure. It provides a more detailed
and comprehensive approach to understanding how these systems can improve energy
efficiency and offers a clear roadmap for future research.

Thermal comfort is a state of mind where occupants feel thermally satisfied with their
surroundings. This involves a complex interplay of temperature, humidity (though less
critical in this dry climate), air velocity, and personal factors. While individual preferences
vary, this study aims to maintain indoor temperatures within a range that satisfies the
majority of occupants. Specifically, a target temperature range of 2024 °C is considered,
aligning with recommendations from ASHRAE EN standards for typical office and residen-
tial buildings. These standards also guide acceptable humidity levels, which should ideally
be monitored and controlled, although these data are not currently available for this study.

The regional climate of Omsk, Russia, presents significant seasonal challenges. Winter
temperatures can plummet to —30 °C, requiring robust heating to maintain comfortable
indoor conditions. Conversely, summer temperatures can exceed 30 °C, though district
cooling is not currently implemented, making managing internal heat gains (solar radiation,
equipment, occupants) crucial for preventing overheating. The transitional seasons (spring
and fall) present unique challenges, as highlighted by the observation of excessive heat
being released from open windows. This suggests inadequate control strategies to adapt
to milder outdoor temperatures, leading to energy waste and potential discomfort due to
temperature swings.

The existing data from the SCADA system (Figure 3) show a concerning trend of high
return temperatures, indicating inefficiencies in heat delivery and potentially impacting
thermal comfort. As mentioned in the text, poor mixing at DH substations can exacerbate
this issue, leading to uneven temperature distribution within buildings. This can result in
some areas being overheated while others remain underheated, compromising overall com-
fort. Furthermore, hydraulic balancing issues can also contribute to inconsistent heating,
affecting energy efficiency and thermal comfort. Addressing these distribution network
deficiencies is crucial not only for energy savings but also for ensuring occupant well-being.

Different building types within the district have varying thermal comfort requirements.
Office buildings typically require tighter temperature control and higher ventilation rates
due to higher occupancy densities and internal heat gains. On the other hand, residential
buildings may have more flexibility in temperature settings, but occupant preferences
and individual control become more important. Industrial buildings may have specific
temperature and humidity requirements depending on the processes. While identifying
different building archetypes (old, new, industrial), the current analysis does not explicitly
address how the heating system caters to these diverse needs. Future work should include
a more detailed analysis of thermal comfort requirements for each building type and how
the heating system can be optimized to meet those needs.

While the current study focuses on energy consumption data, the research acknowl-
edges the lack of direct occupant feedback regarding thermal comfort. Surveys or other
methods of gathering occupant perception data should be incorporated into future studies.
This would provide valuable insights into the actual thermal comfort experienced by build-
ing occupants and allow for data-driven optimization of the heating system. Without such
data, the analysis assumes that indoor temperatures within the target range (20-24 °C)
will generally provide acceptable thermal comfort. However, it is recognized that this is a
simplification and that individual preferences may vary.

The analysis may also explore the relationship between energy efficiency measures
and thermal comfort. For instance, reducing supply temperatures to improve efficiency
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may impact the ability of the system to maintain comfortable indoor temperatures dur-
ing peak demand periods. Similarly, implementing DSMs, while beneficial for energy
savings, should be carefully evaluated to ensure they do not negatively affect thermal
comfort. A balanced approach is needed that considers both energy performance and
occupant well-being.

To evaluate the effectiveness of the proposed model, a comparison is made against
existing methods in the literature. Table 2 highlights key differences in temperature assump-
tions, heating efficiency, outdoor temperature impact, substation modeling, and energy
loss considerations. Unlike previous models that rely on fixed temperature assumptions
or simplified substation representations, the proposed approach incorporates real-world
operational data, addressing key inefficiencies in DH systems.

Table 2. Comparison of the proposed model with existing methods regarding temperature as-
sumptions, heating efficiency, outdoor temperature impact, substation modeling, and energy

loss considerations.

Criterion

Proposed Model

Vandermeulen et al. [23]

Farouq et al. [26]

Kurek et al. [17]

Temperature
Assumptions

Dynamic return/supply
temperature variations
based on real SCADA data

Fixed supply and return
temperatures year-round

Return temperature
analysis used as an
efficiency check

Weather-based feature
selection for return
temperature predictions

Heating Efficiency

Adjusts based on
substation performance
and hydraulic balancing

Aggregated substation
approach for
residential areas

Applied control check for
operational efficiency

Uses selected weather
features to predict
heat demand

Impact of
Outdoor Temperature

Correlates outdoor
temperature
(—30 to +5 °C) with
system performance

Assumes constant
supply/return temperatures

Evaluates return
temperature fluctuations
in Sweden

Uses a forward feature
selection algorithm to
choose relevant
weather parameters

Substation Modeling

Incorporates real-world
delays in optimal supply
temperature
reaching substations

Assumes ideal flow rate
scaling for residential areas

Focuses on identifying
poor-performing
substations

Uses autoregression
model to estimate
heat demand

Energy Loss
Consideration

Identifies high heat losses
due to poor insulation and
hydraulic imbalances

Does not consider
real-world heat losses

Uses return temperature
as an indirect
efficiency indicator

Identifies correlations
between temperature and
heat demand

6. Conclusions

This research exposes a new formulation for the operational process of an HTDH with
a high share of residential consumers and buildings requiring renovation. The novelty is
the introduction of statistics into a CAD-aided dynamic simulation model. Its effectiveness
is demonstrated on three representative periods: summer, cold (winter), and moderate cold
(fall and spring) days. The methodology yields the following key findings:

1. A minority of consumers are responsible for low modeling accuracy and, therefore,
hydraulic balancing issues.

2. Office buildings, shops, and car parks with low indoor temperatures are buildings
with low specific energy demand. Encountering new energy-efficient residential
buildings using low specific energy demand as a criterion is highly unlikely.

3. With no abnormal buildings, higher modeling accuracy is achieved.

4. Most consumers are similar in thermal response. However, specific energy demands
may differ.

5. The traditional modeling approach is incorrect. The heat demand of a building is
better simulated with a discrete regression.

6. Heat demand of buildings with pump-equipped substations can be modeled with the
help of simple linear regression with acceptable error.

While this study provides valuable insights into the modeling and analysis DH sys-
tems, several limitations should be acknowledged. Firstly, the modeling framework relies
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on the availability and accuracy of building-level data, such as insulation levels, heating
system types, and occupancy patterns. Any inaccuracies in these inputs may affect the
reliability of the predictions. Additionally, the study focuses primarily on a physics-based
approach, which, although transparent and interpretable, may not fully capture complex
nonlinear relationships present in some DH dynamics—an area where data-driven models
could offer complementary value.

The temporal resolution of the data, while sufficient for the scope of this research, may
also limit the ability to capture short-term fluctuations in heating demand, particularly
during extreme weather events or abrupt changes in occupancy. Moreover, the case
study buildings, although varied in age, typology, and heating systems, may not fully
represent the broader diversity of building stocks in other regions, potentially affecting the
generalizability of the findings.

Lastly, while the validation process included historical data over multiple years,
further testing across different climatic zones and DH configurations would strengthen the
robustness of the proposed model. Future research could also explore hybrid modeling
approaches, combining physics-based and machine-learning methods to enhance predictive
accuracy and adaptability.

In addition, several remarks on return temperature have been made. Accordingly,
a particular advantage of the present paper is assessing heat demand within LTDH and
4GDH concepts, intending to spread this technique to other regions and support DH
transformation. Additional advantages of the novel method over the traditional one are
its greater support in planning, its simplicity regarding further spatial extension of the
network, and its robust operation. This includes evaluating transformation measures with
an easy dataset, which any DH system may provide. In future work, the possible emphasis
on a more sophisticated real-life check of the applicability of the approaches and guidelines
is to be presented.
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Abstract: Buildings exchange heat with different environmental elements: the sun, the outside air,
the sky, and outside surfaces (including the walls of environmental buildings and the ground). To
correctly account for building energy performance, radiative cooling potential, and other technical
considerations, it is essential to evaluate sky temperature. It is an important parameter for the
weather files used by energy building simulation software for calculating the longwave radiation heat
exchange between exterior surfaces and the sky. In the literature, there are several models to estimate
sky temperature. However, these models have not been completely satisfactory for the hot and humid
climate in which the sky temperature remains overestimated. The purpose of this paper is to provide a
comprehensive analysis of the sky temperature measurement conducted, for the first time, in Djibouti,
with a pyrgeometer, a tool designed to measure longwave radiation as a component of thermal
radiation, and an artificial neural network (ANN) model for improved sky temperature forecasting. A
systematic comparison of known correlations for sky temperature estimation under various climatic
conditions revealed their limited accuracy in the region, as indicated by low R? values and root mean
square errors (RMSEs). To address these limitations, an ANN model was trained, validated, and
tested on the collected data to capture complex patterns and relationships in the data. The ANN
model demonstrated superior performance over existing empirical correlations, providing more
accurate and reliable sky temperature predictions for Djibouti’s hot and humid climate. This study
showcases the effectiveness of an integrated approach using pyrgeometer-based sky temperature
measurements and advanced machine learning techniques ANNs for sky temperature forecasting
in Djibouti to overcome the limitations of existing correlations and improve the accuracy of sky
temperature predictions, particularly in hot and humid climates.

Keywords: sky temperature; climate data; artificial neural networks

1. Introduction

The sky vault acts as an eventual heat sink for our planet, thereby providing a signif-
icant cooling resource for buildings. The morning dew is the direct consequence of this
effect. This principle is particularly used for the passive cooling of buildings in hot regions
like Djibouti. In fact, heat transfer between the exterior surface of a building envelope
and the environment is based on radiative and convective phenomena. Radiative cooling,
for instance, comes from surface heat loss due to longwave radiation emissions toward
the sky. It is important to note that such cooling is most effective during the night when
the sky is clear, and the humidity is low [1]. These observations are strictly related to the
current challenge of reducing building energy consumption. In Africa, the building sector
represents approximately 56% of the total energy use [2], with nearly half of this demand
attributable to the air-conditioning of living spaces. To illustrate, in Djibouti, the energy con-
sumption profile is primarily dominated by cooling and ventilation requirements, together
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accounting for over 70% of the total energy demand [3]. Furthermore, there is an upward
trend in energy demand within the building sector in such African countries, which further
underscores the importance of implementing passive cooling techniques for buildings. The
sky temperature is a critical parameter for determining building energy performance. Sky
temperature is a key input for calculating the heating and cooling energy needs of buildings
to maintain thermal comfort. Accurate sky temperature values are essential for reducing
errors and improving building energy simulations, which is crucial for optimizing energy
consumption in heating and cooling systems. Choosing incorrect sky temperatures, even
by a margin of £10 °C, can significantly increase simulation errors, affecting the reliability
of energy predictions [4].

Numerous studies concerning sky temperature models have been conducted since
the early 20th century, resulting in a variety of correlations proposed by researchers [5-20]
over the world. These correlations originate from various methods devised for the esti-
mation of infrared radiation. Figure 1 provides a categorical representation of empirical
models, distinguishing between the conditions of clear and cloudy skies. Within these two
categories, we can identify “direct models” and “sky emissivity models”. Direct models
employ equations to calculate the sky temperature using mainly ambient temperature data,
while indirect models, on the other hand, are based on the evaluation of sky emissivity.
Currently, building energy simulations have adapted to this by using these models that can
estimate the sky temperature. However, it is noteworthy that the majority of these models
are approximations due to the lack of accurate measured data [21]. These sky models are
intrinsically related to local weather conditions and are site-specific in their application.
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Figure 1. Schemes follow the same formatting.

In a previous paper, the author explored the available cooling potential from the sky
vault in hot climates, and buildings” ability to exploit this cooling [22]. In this one, the
sky temperature was estimated using an equation proposed by Centeno [23] and Clark
and Allen [24], due to a lack of measured data in the study site, Djibouti. To address this
limitation, a significant advancement has been made with the installation, for the first time
in Djibouti, of a pyrgeometer, a tool specifically designed to measure longwave radiation
for the direct measurement of sky temperature.

In addition to the empirical models detailed earlier, nature-inspired models have
been introduced in the scientific field in recent years. These models are centered on the
mathematical modeling of their natural ability for decision-making while facing a complex
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situation. Nature has inspired many algorithms for solving complex problems characterized
as linear and non-linear through a learning procedure on data. One of the well-known
models is ANNs. The ability to achieve superior performance and the reliability of adequate
ANN predictions have been highlighted in various scientific fields. In regard to building
energy consumption, their strength has been stressed in [23-28] for active cooling. But,
considering passive cooling along with sky temperature prediction using ANN, a study
carried out by Adelard et al. [29] highlighted both the inefficiency of empirical model
prediction that resulted in the overestimation of sky temperatures and the satisfaction of
the results of neural networks.

The artificial neural network (ANN) is a computing algorithm that maps the human
nervous system. ANN is inspired by the biological neural network (BNN). The latter one is
a collection of neurons cells that reacts to internal or external changes that disturb biological
system equilibrium and provides adequate responses. Just as in BNN, ANNs are composed
of multiple processing units that work together to learn, recognize patterns, and predict
data [30].

In the literature, Al-Shawwa et al. developed an ANN model to predict environmental
temperature based on various influencing factors, including location characteristics, prox-
imity to water, vegetation, and elevation. Testing revealed that the model achieved 100%
accuracy in temperature predictions [31]. By incorporating historical data and geographical
variables, the training yielded predictive maps with minimal error. Dombayci and Golcii
presented an artificial neural network (ANN) model to predict daily mean ambient temper-
atures in Denizli, southwestern Turkey, using data from the Turkish State Meteorological
Service [32]. The results indicate that the ANN model is reliable for ambient temperature
prediction, achieving optimal performance with six hidden neurons. Ozturk et al. studied
the development and testing of cost-effective feedforward artificial neural network (ANN)
models for estimating soil temperature at various depths using standard geographical and
meteorological data in Turkey [33]. The results show strong correlation coefficients (up to
99.03%) between ANN-estimated and measured soil temperatures. Ruano et al. focused
on the design of predictive neural network models for indoor air temperature, using cli-
mate and environmental data collected from a secondary school in southern Portugal [34].
The results indicate that predictive models enhance temperature regulation and achieve
significant energy savings throughout the year. Veronez et al. presents an artificial neural
network (ANN) method for extrapolating land surface temperature (ST) in the Rio dos
Sinos Hydrographic Basin, Brazil, using positional variables, temperature, and humidity.
Trained with NOAA satellite thermal images, the model achieved an average error of 2.2 °C
in ST [35]. Routh et al. investigated the application of an artificial neural network (ANN)
to estimate the daily mean, maximum, and minimum temperatures in Dhaka, Bangladesh,
for photovoltaic (PV) efficiency with ten years of temperature data from the Bangladesh
Meteorological Department [36]. The results indicate that the ANN model effectively
predicts temperature trends, showcasing its reliability for forecasting. Artificial neural
networks (ANNs) have been consistently demonstrated to provide accurate temperature
predictions, highlighting their reliability in forecasting across a wide range.

This study is centered in sky temperature prediction and existing empirical models
for estimating sky temperature are often unreliable in hot and humid regions, frequently
overestimating sky temperature and leading to inaccurate predictions of heat exchange. To
improve accuracy, on-site measurements were conducted using a pyrgeometer to directly
measure longwave radiation emitted by the sky, offering a more precise evaluation of the
cooling potential in Djibouti’s unique climate.

The primary aim of this study is to eliminate the deficiencies in current empirical mod-
els by introducing a more reliable, data-driven approach using artificial neural networks
(ANNs) based on on-site climate measurements. The ANN model addresses the inade-
quacies of existing models by accurately capturing the complex, non-linear interactions in
local climate data. By enhancing the precision of sky temperature predictions, this study
contributes to optimizing the radiative cooling potential of buildings, ultimately improving
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energy efficiency and supporting sustainable design solutions. Thus, the primary problem
addressed in this research is twofold: (1) conducting on-site measurements to develop a
reliable data methodology, coupled with the development of an artificial neural network
(ANN) modeling approach, and (2) an analysis of the results addressing the inadequacy
of existing empirical models to reliably estimate sky temperature in climates like Djibouti.
The training of the ANN model and the analysis of the results in order to identify the
corresponding architecture for adequately predicting the sky temperature.

2. Materials and Methods
2.1. Site Description

Djibouti, the city in which the study site is located, is the capital city of Djibouti,
situated in the eastern part of the Horn of Africa, along the Gulf of Tadjourah and the Bab-
el-Mandeb strait (Figure 2). The city’s climate is classified as BWh (hot deserts climate) in the
Koppen-Geiger classification [37], which is typically described as a maritime desert climate.

Djibouti Université de Djibouti

Figure 2. Location of the measurement site: faculty of Engineers at the University of Djibouti—lat.
11°32/21.75" N and long. 43°7/10.5024" E.

This climate is characterized by consistently high average temperatures, relatively
low diurnal and seasonal temperature ranges, high humidity levels, and oceanic winds,
except for the hot season and low annual precipitation. Djibouti experiences two primary
seasons rather than the traditional four: a hot season and a relatively cool season. The
hot season, which lasts from mid-April to October, is marked by high temperatures that
can reach up to 34 °C £ 2 in July. The cooler season spans from November to mid-April,
with average temperatures dropping to around 20 °C =+ 1 in January. The temperature
variations between day and night typically range from 5 °C to 10 °C, while the seasonal
temperature difference is approximately 10 °C.

High relative humidity levels are present throughout the year, averaging around
62 + 10% RH. The wind speed typically averages around 3.8 + 0.7 m-s™! with some vari-
ation depending on the season and prevailing weather patterns. Oceanic winds from
the east are generally prevailing outside of the hot season, offering some relief from the
high temperatures and humidity. High solar radiation and clear weather conditions are
present throughout the year with an average monthly solar radiation of approximately
450 + 100 W-m 2.

From an energy perspective, these climatic parameters result in high levels of cooling
demand in buildings. Furthermore, the relative effectiveness of potential bioclimatic
solutions depends on these climatic conditions. This hot climate therefore poses a significant
challenge to finding cooling solutions for buildings. Coch [38] notes that, in general, the
more extreme the climatic conditions, the more limited the solutions to passively cool
the building.
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2.2. Meteorological Data Collection and Instruments

The meteorological data used in this study were collected from a weather station in-
stalled on a building in the Faculty of Engineers at the University of Djibouti (11°32/21.75" N,
43°7'10.5024"” E.) from January 2022 to December 2022 (Figure 3), capturing a full range
of seasonal variations. Data were collected continuously during this period, providing a
comprehensive dataset for the analysis of diurnal and seasonal patterns of sky temperature,
as well as their relationship with other meteorological parameters. The weather station was
equipped with a Vantage Pro 2 Plus system which continuously collected data for various
climatic parameters, including outdoor temperature, relative humidity, dew point, rainfall,
wind speed, solar irradiation, etc. This comprehensive set of meteorological parameters
allowed for a more in-depth analysis of the factors influencing sky temperature and its rela-
tionship with other atmospheric variables at the study site. All the sensors were installed
at approximately 8 m above the ground.

—e Thermopile
sensors

Weather
station

Solar
Panel

Figure 3. Data measurement and collection station: pyrgeometer LP PIRG 01 (AlphaOmega Electron-
ics, Madrid, Spain) with and without protective covering, schematic cross section, and basic elements
datalogger CR300 (Campbell Scientific).

Data acquisition was carried out using a CR300 data logger (Campbell Scientific Inc.,
Stellenbosch, South Africa) housed in a weatherproof enclosure and installed near the
sensor to minimize the length of the connecting cables. 10 min averages were recorded on
a storage module for subsequent processing. The station was continuously powered by a
12 V battery connected to a 20 W solar panel, as illustrated in Figure 3.

In terms of additional measurements, total sky cover data were gathered at 2 h intervals
and ascertained via visual observation. The sky vault was divided into equal quadrants,
with cloud cover percentages for each quadrant estimated, averaged, and documented
in tenths.

In addition to these measurements, downward longwave radiation data from the sky
were obtained using a high precision pyrgeometer LP PIRG 01 (Delta Ohm) with a spectral
range of 5 to 50 um that contained most of the radiation emitted by bodies at ambient
temperatures (Figure 3). The radiometer’s calibration was provided by the manufacturer,
and its sensitivity ranged from 5 to 10 um/(W-m?).

The pyrgeometer (LP PIRG 01) was built around a thermopile sensor with a matte
black paint surface to ensure non-selectivity across various wavelengths. The sensor was
protected by a silicon window that shielded the thermopile from weather and defined
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the instrument’s spectral range. This sensor was strategically installed on the rooftop of
one of the faculty buildings with the sensing surface facing upward to accurately capture
the longwave radiation emitted by the sky, ensuring an unobstructed view of the sky and
minimal interference from nearby structures.

A comprehensive list of all the measured climatic parameters is detailed in Appendix A.

2.3. Infrared Radiation Measuring Based on Pyrgeometer Sensor

The pyrgeometer operates on the principle of thermopile technology. Radiant energy
is absorbed /radiated from the surface of the blackened thermopile, creating a temperature
difference between the center of the thermopile (hot junction) and the body of the pyrge-
ometer (cold junction). The temperature difference between the hot and cold junctions is
converted into the potential difference thanks to the Seebeck effect.

If the pyrgeometer temperature is higher than the radiant temperature of the portion
of the sky framed by the pyrgeometer, the thermopile will radiate energy and the output
signal will be negative (typical situation of clear sky) and if the pyrgeometer temperature is
lower than that of the portion of the sky framed, the signal will be positive (typical situation
of cloudy sky).

Therefore, to extract the incoming infrared radiation (¢, ), the output radiance must
first be determined, then added to the net input term to extract the desired down-welling
component. The actual body temperature of the sensor system, which, for the pyrgeometer,
is labeled Ty (K), obtained by the reading of the NTC (10 k() resistance, is thus mea-
sured, giving an output intensity of ¢, . = o(Tg)* with ¢ = 5.67 - 10~5 Wm 2K 4, the
Stefan—-Boltzmann constant. It is also necessary to measure the output signal from the
thermopile connected to the datalogger. Typically, the output signal from the pyrgeometer

is ‘Uem f‘ < 4 mV. In the following Figure 4, the electrical connections present inside of the
pyrgeometer are reported.

Pyrgeometer

NTC
Discharger

T T T T T T AT

Green Black

@ Datalogger
2

%) Probe inside
1o Qtemperature

Figure 4. Electrical connections present inside the pyrgeometer (AlphaOmega Electronics,
Madrid, Spain).
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Once the pyrgeometer temperature and the thermopile output signal are known,
irradiation ¢, (W/m?) is obtained by Equation (1):

U
or, =~ +0(Tp)* M

where C is the pyrgeometer calibration factor reported on the datasheet in uV /(W /m?). The

ratio eg’f corresponds to the net radiation ¢,,,, (positive or negative) measure via the ther-

mopile (W/m?). Finally, the down-welling thermal radiation given by Equation (1) for the
whole sky is then used to calculate the sky temperature using Equation (2), expressed below.

Pryy, =0 (Tsky> ! ()

2.4. Artificial Neural Network

The ANN's architecture is structured into layers where the connections are ensured by
weights that are referred to as the strength from one neuron to another. Starting with the
initial layer underlined as the input layer, it contains raw data that has not been processed
yet. The number of neurons in the input layer is directly proportional to the input variables
inserted. Following the latter, there is the hidden layer, intervening between the external
input and the network output, which is depicted as the processing layer. The presence of
one or more hidden layers enables the network to extract higher-order statistics, because
the latter presents the core of the computing algorithm with all the calculations performed
through it. Additionally, highlighting the last level, the output layer portrays the final
result of the ANN algorithm, hence the network output. The combination of these three
layers forms the ANN architecture as presented in Figure 5.

Input Data Input Layer Hidden Layers and Weight Weights | Output Layer Network Output

» Output

Figure 5. ANN architecture.

The neurons represent a fundamental block of the artificial neural network. Hence,
knowing the number of neurons in the input and output layer, the challenge is determining
the number of neurons in the hidden layer, as well as their corresponding size.

In order to obtain well-defined ANN architecture for sky temperature prediction, this
paper provides a comprehensive analysis combining pyrgeometer-based sky temperature
measurements and artificial neural networks (ANNs) to improve sky temperature fore-
casting in hot climates, offering a promising avenue for enhanced energy efficiency in
building design and operations. Moreover, this paper outlines detailed steps to determine
well-defined ANN architecture for sky temperature prediction in the methodology.
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There are two principal computations in the ANN model, forward and back computa-
tion. Forward computation processes input data through layers to the output. This study
uses a feedforward network (FNN) with multi-layer perceptrons (MLPs), where input
flows from the input to the output layer. MLPs, derived from perceptron neural networks,
are chosen for their problem-solving abilities. The training algorithm is important for
an MLP-based ANN. The chosen optimizer minimizes output layer error by adjusting
weights until a predefined error tolerance is met. Common optimizers in engineering are
the Levenberg—Marquardt (LM) and resilient back-propagation algorithms. This study opts
for the LM algorithm due to its efficiency. The LM algorithm combines gradient descent
and Gauss—Newton methods, offering faster convergence, robustness, and the ability to
find good local minima, thereby reducing training time significantly.

2.5. Training of Artificial Neural Network

The training of artificial neural networks (ANNs) involves adjusting their weights
and biases to minimize prediction errors by passing input data through layers, calculating
loss, and applying backpropagation. The process is iterative with a learning algorithm. In
the literature for ANNSs there are supervised, unsupervised, and reinforcement learning
algorithms [39—42]. Each type of learning algorithm serves different purposes: supervised
learning uses labeled data, unsupervised learning finds patterns in unlabeled data, and
reinforcement learning learns through interactions with an environment. This study uses
supervised learning to predict sky temperature, as it provides inputs and corresponding
outputs to the network.

MATLAB® and its neural network toolbox were utilized for training the ANN, consid-
ering the following parameters:

e  Partition division: data are divided into training (largest portion), validation, and test
sets to ensure model accuracy and performance;

e  Epoch: One epoch is a complete training cycle through the dataset. The number of
epochs impacts the network’s learning ability; too many can lead to overfitting, while
too few can weaken recognition. The optimal number is determined by comparing
training errors and testing procedures;

e  Momentum value (MU): This controls weight updates, preventing convergence to
local minima. Low MU hampers learning, while high MU halts improvements;

e  Activation function: This mathematical transformation scales outputs between layers.
Non-linear functions like the sigmoid function are preferred for their ability to process
complex data mapping, providing high regression (R) values. In this study, the
sigmoid activation function will be employed for the hidden neurons, while a linear
activation function will be utilized for the output neurons.

Table 1 below lists the values of the previously described ANN parameters. Addi-
tionally, there are three other parameters, such as the performance goal, the performance
gradient, and the learning rate. The former refers to the output layer error, which is suitably
defined as 0. In other words, during network learning, the ANN trains to attain a difference
of zero between the desired output and the predicted output. The performance gradient is
the rate of change in the performance goal. The learning rate is a parameter that dictates
the magnitude of adjustments applied to the model’s weights during each iteration of
training. Moreover, in the context of the Levenberg—-Marquardt (LM) algorithm, the full
dataset is considered the batch size. The batch size is defined as the specific number of
training examples processed in a single iteration during the training phase of a machine
learning model.
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Table 1. Parameter variables of ANN.

Training Parameters Values

Transfer function Sigmoid function

Network Feed forward

Training algorithm Levenberg-Marquardt (LM)
Epoch 150

Performance goal 0

Data partition (Train, Validation, Test) 70%-15%-15%

Minimum performance gradient 1 x 10739

Maximum MU 1 x 10100

Learning rate 0.01

2.6. Learning and Optimization

The ANN model used in this study was trained through supervised learning. There-
fore, after the implementation of the data into the MATLAB®, the variables were distin-
guished by their type characteristics (input or output). Following the latter, data partition is
made. This process is made randomly, using the random generation function in MATLAB.
This action provided fairness. With the selection of the number of neurons and the size
of the hidden as well as network-training parameters, the training of the ANN started,
through which the weight and bias were randomly initialized at first. The latter was up-
dated using the Levenberg-Marquart algorithm through three stages following a condition.
After the training with each train, validation, and test sample, the attainment of the error
goal was checked by the algorithm. If the latter was not met, the training would have
restarted and, in the opposed case the training continues. Hence, when the condition
was achieved, the network was stored and proceeded to the next step, and new training
started with new ANN architecture, while increasing the number of neurons one by one
with 25 neurons in the first hidden layer and 4 neurons in the second hidden layer. The
training was done with 100 different ANN architectures. A complete description of the
ANN algorithm in the form of a flowchart is shown in Figure 6.

Random selection of weight —| Stara NS Hatwak — Store the network
and bias
Data
implementation

Run the network with the
validation sample

Run the network with the
test sample

l Train the ANN network

Define input and
output data set

|

Error goal
achieved ?

Error goal Error goal

Store the network

achieved ? i ?
Following data partition, I el
randomly extract data for ]
training, validatio and test. ]
[¢] ol |
z 1 Z | |
l I I Compute the MSE of training sample
Weight and bias update =~ fg——————————— A :
ANNISECRRECHIES 3!’::&2%&?:2:%5; : Compute the MSE of validation
l 4 sample
Compute the MSE of test sample |(—
Specification of network
training parameter
| Compute the correlation |4_

Figure 6. ANN training model flowchart.

Hence, to obtain the best predictive results, determining the optimum ANN archi-
tecture is required, as mentioned before. There are several methods to pre-determine the
latter. Rules of thumb are available, such as the geometric pyramid rule which states that
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if a network has n input and m output neurons, the hidden layer would have , /n x m
neurons [43]. Another way of determining the number or neurons is by using a constructive
algorithm [44]. In the ANN model of this research, the above methods will not be used, but
rather a ‘statistical approach’ for computing the optimal number of neurons in the hidden
layer along with the size of the hidden size will be taken into account. In fact, such an
optimum number will be selected based on the results for the mean square error (MSE) and
the correlation coefficient.

If the training was designed to run only one time for each case (ANN architecture), the
comparison between the neurons would be unfair due to the fact that the weight and bias
are first initialized based on randomness. This means that there might be some training that
starts with better random weights and biases, leading to better performance, in contrast to
the other simulations, starting with inappropriate random weights and biases. So, to avoid
such unfairness, the training was repeated 1000 times for each case (ANN architecture). In
this study, the average of the MSE (train, validation, and test sample) with the correlation
will be used to determine the optimum ANN architecture for sky temperature prediction.
A combination of minimum MSE and maximum correlation, is considered as an indicator
of the optimum neuron number. The equation of the mean square error and the correlation

is expressed below.
n

1
MSE = Ei;(yd ~Y,)? 3)

Y (YaYp) —E(Ya) B(Yy))

(e () - £(97)) (2(67) - £(0))

n = corresponds to the length of the data and it is equal to 365
Y,; = actual output value

Y= predicted output value

.Y, = correlation coefficient between Y; and Y,

4)

v,y

3. Results and Discussion
3.1. Input and Output Variable Description

For selecting appropriate input parameters for buildings, creating a well-defined and
working ANN model is a crucial task. These variables should be independent (input-
input) with a high correlation property (input-output) in order to build a mathematical
relationship. But, more importantly, the selection of input variables depends on the type and
characteristic of the desired element to be predicted (output). This means that the selected
inputs must have a direct influence on the output. Considering the latter perspective, the
Pearson correlation among the climatic data were assessed. Figure 7 shows the correlation
with the sky temperature parameter.

10 08 06 04 02 00 -02 -04 -06

Toy- -0.06 0.45 0.83 0.84 -0.61 0.34 0.08 0.06
Solar S'ky "I'a T‘d RH Wind Wind rain
radiation  cover direction  speed
Output Input

Figure 7. Correlation matrix between variables.

Air temperature (Ta) and dew point temperature (T4) showed strong positive corre-
lations of 0.83 and 0.84 respectively, suggesting significant influence on sky temperature
(Tsky), while the sky cover displayed moderate positive correlations. In contrast, a negative
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correlation of —0.61 between the relative humidity (RH) and the sky temperature was
found, whereas the solar radiation, wind speed, wind direction and rain, indicated a weak
correlation. Based on this analysis, the selected variables and their nature in the ANN is
listed in Table 2.

Table 2. Variables of ANN mode.

Indicator Name ANN Variable Type
Mean T, Input

Mean T4 Input

Mean RH Input

Mean Cover sky Input

Mean Tgyy Output

The key statistical measures of these selected inputs and outputs are gathered in
Figure 8. The air temperature and relative humidity display high variability, evidenced
by their standard deviations. Meanwhile, the sky temperature shows important variation
and a mean value lower than the air temperature, which affirms its potential independent
influence on the building energy performance. The total sky cover ranges between 0
(clear sky) and 1 (completely overcast), with an average of around 0.38, suggesting diverse
sky conditions. The boxplots would further illustrate the spread and skewness of the
data. The sky temperature’s boxplot, for example, reflects a broad range of values from
—3.8 °C to 38.3 °C, underlining the high variability of sky temperatures in Djibouti. These
boxplots, along with the earlier correlation analysis, not only reaffirm the choice of input
parameters for the ANN model but also highlight the complexity of climate and the
non-linear dependencies that require the use of sophisticated models that can learn and
reproduce these relationships to make accurate predictions.
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Mean 225 60.2 30.4 0.4 21.5
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std 2.9 13.7 4.3 0.3 7.3
Min 10.7 17.5 18.9 0 -3.8
Max 30.8 89.4 43.8 1 38.3

Figure 8. Boxplot representation of the ANN data.

Transitioning from the comprehensive climatic dataset, further investigation is made
towards the key element; Figure 9 displays the measured data in Djibouti over the year to
analyze the temporal patterns in sky temperature.

113



Energies 2024, 17, 5791

Temperature [°C]

40

w
ul

w
o

N
9]

-5

2 © Hourly data of T,/
é —Mean

u e SATA
o s BTG

oo

91 121 151 181 211 241
Day of year

%0 % %% &
()]
—

Figure 9. Hourly averages values of the sky temperature.

The observed diurnal and seasonal variations, along with any discernible long-term
trends, are important for understanding the unique thermal dynamics of the Djiboutian
atmosphere.

In fact, the data reveal notable seasonal variations, with cooler conditions during the
so-called cool season (from November to April), with the average temperatures ranging
between 10 °C and 25 °C. In contrast, the hot summer season (from May to October)
features higher average temperatures, varying between 18 °C and 37 °C. Interestingly, these
measured sky temperatures are consistently lower than the air temperatures, suggesting
that an exterior surface at air temperature will emit more energy towards the sky than it
receives. This observation underscores the potential of the sky as a source of freshness,
which can be exploited to reduce a building’s cooling needs.

Moreover, diurnal patterns, dependent on the season, often display peaks during
the afternoon hours when solar radiation is most intense, and lows during the early
morning, illustrating their radiative cooling effects. The within-day variability, alongside
day-to-day changes, may reflect the influence of evolving weather conditions on sky
temperature. This measurement of sky temperature provides a resource for informing and
refining the development of predictive models such as ANNSs, and ultimately, for enhancing
our understanding of the thermal interaction between buildings and the environment in
Dijibouti’s unique climatic context.

3.2. Evaluation of Existing Empirical Correlations

Starting from the available empirical correlations, four of them were implemented and
compared to the sky temperatures measured in the studied site (via pyrgeometer sensor in
Djibouti), considering clear and cloudy sky conditions. For the clear-sky direct model, the
correlation developed by Swinbank [12] to estimate the sky temperature considering only
the ambient air temperature was selected. In the case of the clear sky emissivity model
(indirect), we were applying the correlation proposed by Tang et al. [18]. The use of this
particular correlation for predicting sky emissivity is based on a measurement conducted
during a short period of time in Israel. It is well-known that clear-sky conditions are not
continuous along time and cloudy conditions increase infrared radiation. For this reason,
the clear sky correlations have to be adapted to cloudy conditions, although the impact of
cloudiness on sky temperature is difficult to evaluate. Considering the cloudy-sky direct
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models, we have selected the one developed by Aubinet [19]. The latter evaluates the sky
temperature using water vapor pressure and ambient temperature. Finally, for cloudy-sky
emissivity models, the correlation of Clark and Allen [24] introducing a correction factor
(Ca) for estimating the influence of the clouds is also selected. This factor can be calculated
as the ratio between the measured cloud sky atmospheric radiation and the estimated clear
sky atmospheric radiation. Moreover, C, is a function of the sky cover (N). For clear sky
conditions, N is equal to 0 and for overcast sky, it is equal to 10. This model is currently
employed in the dynamic code EnergyPlus. These correlations are listed in Table 3.

Table 3. Variables of ANN mode.

Reference Date Correlation Measu_rement

Site
Swinbank [12] 1963 Ty = 0.05527T, Australia
Tang et al. [18] 2004 €sky = 0.754 + 0.0044T, Israel

Aubinet [19] 1994 Ty = 94+ 12.6In(P,) — 13Ky + 0.3417T, -
_ T
Clarkand Allen o gy = 0787 +0.764( ) Cy Toxas
[24] Ca = 14 0.0224N — 0.0035N2 + 0.00028 N3

The results of the comparison are shown in Figure 10, and several conclusions can
be drawn from the corresponding observation. The evaluated correlations are not fully
representative. They account roughly between 68% and 76% of the variance in the data
(worse agreement with measured data). Moreover, the mean square error (MSE) values,
indicative of prediction errors, range from approximately 0.95 to 1.96. These figures suggest
that the models experience error margins in predicting sky temperatures. This comparison
underscores the limitation of existing empirical correlations in the accurate prediction
of measured sky temperature under hot climate conditions, especially in Djibouti. We
are therefore far from unanimous on the subject, and progress is needed in this field if
applications based on the exploitation of the sky applications are to be developed.
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Figure 10. Comparison with measured data results for (a) Swinbank [12], (b) Tang et al. [18],
(c) Aubinet [19], and (d) Clark and Allen [24].
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These limitations possibly originate from these models’ inability to fully capture
the complex, non-linear relationships between various meteorological variables and sky
temperature. Consequently, this suggests a more sophisticated modeling approach, such as
ANNEs, to address these shortcomings.

3.3. Performance Analysis of the Trained ANN Architectures and Optimal Neuron Selection

Through the increase in the hidden layer size and its corresponding neurons, 100 dif-
ferent ANN architectures were trained and tested. With the above-mentioned framework,
the comparison was made alongside the mean square error (MSE) during training and
testing phases and the correlation. These criteria highlight the performance of the trained
models, hence, determining the optimal ANN for sky temperature prediction.

The preferred model is that which yields the minimum MSE and the maximum
correlation. It is important to note that such an indication indicates that the estimates
generated by the model converge to the desired values.

To provide a holistic illustration of the trained networks, Principal Component Analy-
sis (PCA) and Hierarchical Clustering were utilized. These statistical techniques permit
the identification of dominant quality parameters that account for the vast majority of the
observed variations. Notably, the first two criteria express an impressive 98.96% of the total
inertia, indicating that they embody 98.96% of the total variability within the dataset. This
value considerably surpasses the reference value of 75.82%, signifying that the explained
variability via this plan is significantly meaningful.

Figure 11 illustrates the individual contributions of each ANN architecture to the
dimensions. In the first dimension, artificial neural network (ANN) models with high
correlation (strong positive coordinates on the horizontal axis) stand in opposition to
models demonstrating high MSE during testing (strong negative coordinates on the hori-
zontal axis). Conversely, the second-dimension pits ANNs with high MSE during training
against models with strong negative coordinates on the axis. These findings suggest
that MSE during testing and correlation are inversely related and contribute significantly
to the first dimension, while MSE during training exhibits positive correlation with the
second dimension.
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Figure 11. Principal Component Analysis (PCA) representation of ANN architecture: (a) Correlation
plot of variables showing contributions of training and testing datasets to the first two dimensions.
(b) Score plot indicating the grouping of samples into different clusters (Groups 1, 2, 3 and 4) based
on PCA scores, with each group represented by distinct markers and colors.
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Supplementary to the PCA, a Hierarchical Clustering on Principal Components
(HCPC) was executed. This algorithm clustered ANN models into distinct groups, based on
similarity in variable patterns, resulting in four distinct clusters (Figure 11b). Each cluster’s
characteristics were defined by the location of their original variables in the score plot:

e  Cluster 1: characterized by high values of MSE during training and testing, coupled
with low correlation values;

e  Cluster 2: features high values for correlation and MSE during training but low MSE
during testing;
Cluster 3: composed of models marked by low MSE values during training;
Cluster 4: displays models with high MSE during testing and low values for both
correlation and MSE during training.

Upon the result of the clustering, the three most optimal ANN architectures were,
respectively, 4-6-1-1, 4-6-2-1, and 4-6-3-1. In these configurations, ‘4’ symbolized the input,
‘6’ corresponded to the neurons in the first hidden layer, and ‘1’, ‘2’, or ‘3’ denoted neurons
in the second hidden layer, while the final digit represented the output. Through these
optimum ANN architectures, a distinctive one denoted as the best ANN architecture with
the highest optimal degree was to be selected.

Hence, with the latter objective, to effectively compare these architectures, the ANN
training was set again with these ANN architectures. Furthermore, to provide a fair
comparison criterion, the simulation repetition was increased to 2000 trials for each one.
The results are shown in Figure 12.

Figure 12 displays both the architectural presentation for 4-6-1-1, 4-6-2-1, and 4-6-3-1,
and the attached regression between the desired and predicted sky temperature. The lowest
mean square error for testing is defined for 4-6-3-1 ANN with 0.276 in contrast to 4-6-1-1,
and 4-6-2-1 with 0.590 and 0.618, respectively. Likewise, considering the correlation, the
highest is attributed to 4-6-3-1 ANN with a 0.920 and the lowest is assigned to 4-6-1-1, and
4-6-2-1 with 0.914 and 0.915, respectively. Considering the previous points, the 4-6-3-1 ANN
architecture exhibits an advantage through the evaluated criteria in contrast to the 4-6-1-1
and 4-6-2-1. An adequate and precise sky temperature ANN prediction can relatively be
made through the 4-6-3-1 ANN architecture, which suggests that the ANN model is an
appropriate model to determine sky temperature.
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Figure 12. Regression between target vs predicted sky temperature with (a) 4-6-1-1, (b) 4-6-2-1,
(c) 4-6-3-1.
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4. Conclusions

The sky’s temperature is of the utmost significance in influencing the energy per-
formance of buildings. Considering the latter, the effectiveness of both empirical and
numerical approaches have been compared. Debuting from the empirical method, four
models defining clear and cloudy skies have been integrated along with the database
extracted from the pyranometer. The results have shown that the MSE varies between
0.95 and 1.96 and that the correlation is around 68% to 76%. In contrast to the empirical
method and the numerical method, the natural inspire algorithms have shown remark-
able results. Modeled and simulated using MATLAB® 2017, the database collected from
the pyranometer was trained based on multi-layer feedforward neural networks with a
supervised learning approach and Levenberg-Marquardt algorithm for error minimization.
Considering the mean air temperature, dew temperature, relative humidity, and sky cover
as input data and mean sky temperature as an output data, the ANN was trained. With
a training partition of 70% and 15% and pre-selected stopping criterion, the best ANN
architecture was selected. Judged according to the lowest average of the mean square errors
(MSEs) of the test data, and the correlation, the architecture 4-6-3-1 was regarded as the
best structure. Based upon the results from the training, it was noticed that there is a strong
correlation of 0.920 between the observed output (target) and the predicted output and a
lower MSE of 0.276. Therefore, it can be concluded that in contrast to the empirical method,
the artificial neural network exhibits an outperformance behavior in predicting the sky
temperature. At this stage, it seems interesting to explore the consequences of considering
other ANN models and training algorithms in predicting sky temperature. As a result, this
study will continue, to more precisely evaluate the cooling energy available from the sky in
Dijibouti and to explore the exploited cooling energy in buildings.
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Appendix A

Table A1. Meteorological parameters specifications.

Davis vantage Pro 2 Plus/Delta Ohm pyrgeometer LP PIRG

Hardware 01/Datalogger CR300

Software Davis Vantage Pro2 Plus (Wireless)/LoggerNet
Coordinates 11°32/21.75" N; 43° 7'10.5024"" E

Elevation 8 m from the ground
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Table A1. Cont.

Solar radiation

Device
Calibration
Resolution
Range
Accuracy
Cosine response
Uncertainties

Solar radiation sensor: Apogee Pyranometer SP-110
5000 W/m? per V_manufacturer calibration
1W/m?2

0-1800 W/m?

5%

+3% for angles 0-75°

+1%

Air temperature

Device Integrated Sensor Suite (ISS) in Davis Vantage Pro2 Plus
Calibration Manufacturer calibration

Resolution 0.1°C

Range —40°C-65 °C

Accuracy 0.5°C

Uncertainties +0.5°C

Humidity

Device Integrated Sensor Suite (ISS) in Davis Vantage Pro2 Plus
Calibration Manufacturer calibration

Resolution 1%

Range 1-100%

Accuracy 3-4% above 90%

Uncertainties 3-4%

Dew point temperature

Device Integrated Sensor Suite (ISS)/Hum Station in Davis Vantage Pro2 Plus
Calibration Manufacturer calibration

Resolution 0.1°C

Range —76 °Cto +54 °C

Accuracy 1.5°C

Uncertainties +1.5°C

Sky temperature

Device Delta Ohm Lp pirg 01

Calibration Manufacturer calibration

Resolution 5-10 uV/(W/m?)

Measuring range —300—+300 W/m?

Spectral range 5.5 um—45 um
Impedance 330450
Field of view 160°
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Abstract: This paper investigates the optimization of insulation thickness with respect to the inte-
gration of renewable energy systems in residential buildings in order to improve energy efficiency,
maximize the contribution of renewables and reduce life cycle costs. Using the DesignBuilder and
EnergyPlus software, this study models a representative two-story residential building located in
Athens, Greece. The building envelope features extruded polystyrene thermal insulation and win-
dows with unplasticized polyvinyl chloride frames and low-e glazing. Six scenarios with hybrid
renewable energy systems are analyzed, including air- and ground-source heat pumps, solar thermal
systems and a biomass fired boiler, so as to assess energy consumption, economic feasibility and
internal air temperature conditions. A Pareto-fronts-based optimization algorithm is applied to
determine the optimal combination of insulation thicknesses for the walls, the roof and the floor,
focusing on minimizing the life cycle cost and maximizing the percentage of renewable energy
utilized. The results demonstrate that scenarios involving biomass boilers and solar thermal systems,
both for heating and cooling, when combined with reasonable thermal protection, can effectively
meet the recent European Union’s directive’s goal, with renewable energy systems contributing more
than 50% of the total energy requirements, whilst maintaining acceptable internal air temperature
conditions and having a life cycle cost lower than contemporary conventional buildings.

Keywords: thermal insulation; renewable energy; energy efficiency; optimization

1. Introduction

In the European Union (EU), for the year 2022, residential buildings accounted for
approximately 26% of the total final energy consumption and services, which, to a large
extent, is also taking place in other buildings, accounting for another 14% [1]. The first
Energy Performance of Buildings Directive was introduced in 2001, aiming at using less
and cleaner energy whilst improving indoor environmental conditions [2]. Still, the in-
creasing environmental burden, the rise in fuel prices, especially since the geopolitical
instability due to the war in the Ukraine, and the dependency on supplier countries have
led to the necessity of reaching the levels of nearly zero-energy buildings, both in new
constructions and, by means of refurbishment, in the building stock, given the fact that 75%
of European buildings still have low energy efficiency [3]. Towards this direction, three
important directives were adopted by the European Parliament in the last two years: (a) the
revised Energy Performance of Buildings Directive (EU/2024/1275), aiming to achieve
a fully decarbonized building stock by 2050, (b) the revised Energy Efficiency Directive
(EU/2023/1791), introducing the ‘energy efficiency first’ as a fundamental principle of
EU energy policy, giving it legal standing for the first time and (c) the revised Renewable
Energy Directive (EU/2023/2413), establishing an overall renewable energy target of at
least 42.5% for by 2030 but aiming for 45%. These directives are for Europe, and, hence, also
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for Greece, and they are significant milestones on the path to carbon neutrality by 2050 [4].
Furthermore, when studying the directives in detail, one cannot fail to notice that EU policy
focuses not only on the upgrading building efficiency but also, in a more holistic approach,
raising the quality of living for people in the buildings, as well as improving the urban
environment [5]. According to the latest statistics mentioned in the directive, two-thirds of
the energy used to heat and cool buildings still comes from fossil fuels. Natural gas plays
the largest role in heating buildings, accounting for around 39% of the energy used for
space heating in the residential sector. Oil is the second most important fossil-based heating
fuel, accounting for 11%, while coal accounts for about 3%. It is therefore understood
that the gradual abolition of fossil fuels in the heating and cooling sector is of particular
importance for the decarbonization of the building sector. Member States should phase out
conventional boilers, and, as a first step, no financial incentives should be provided for the
installation of these boilers, while it should still be possible to provide financial incentives
for the installation of hybrid heating systems with a significant share of renewable energy,
such as combinations of a boiler with solar thermal energy or a heat pump [6]. So, in order
to accomplish the required reduction in carbon emissions by up to or more than 80% and
simultaneously increase energy efficiency, the share of renewable energy systems (RES)
implemented in the energy sector and, more specifically, in the building sector should be
increased [7]. More specifically, the large-scale application of hybrid renewable energy
systems is a key parameter in achieving zero carbon emissions, so renewable energy sources
must satisfy building energy demands [8]. Moreover, a prerequisite for this strategy is
also the limitation of the use of fossil fuels in electricity generation. In Greece, significant
progress has been made over the past decade; in 2023, renewables accounted for 45% of the
total electricity generation, and when counting big hydroelectric plants, this figure reached
57% [9], compared to less than 15% in 2010. However, it is clear that there are more chal-
lenges associated with the electrification of heat, especially in terms of the transition from
conventional heating technologies to renewable energy systems, which, in some cases, may
require an expanded electricity infrastructure, which could result in high initial investment
costs [10]. Also, control systems will play a significant role in reducing energy consumption,
so attention should be given to finding optimal control systems, especially when hybrid
renewable energy systems are considered, so as to ensure that the efficiency of the RES
system is maximized and that the maximum possible RES energy is used. Moreover, the
integration of control systems in RES systems would ensure that there would be more
efficient collaboration between energy storage, the system itself and the demand, which
would again lead to a more efficient system overall [11]. However, control systems on their
own are not enough. In order to ensure power system stability, more sophisticated and
complex control techniques, like the demand response, are required, in order to provide
flexible solutions to the inelastic demand side. The incorporation of RES in power systems
enhances the existing issues associated with grid operation due to their unpredictability
and intermittency, and this is why the demand response technique is investigated as a
solution to fixing or eliminating these problems [12].

Hybrid renewable energy systems with or without thermal energy storage, as well
as hybrid combined heat and power renewable energy systems, are a vivid research field.
Daneshazarian and Berardi studied a hybrid renewable energy system consisting of photo-
voltaic collectors for covering electricity demand, vacuum tube collectors and a ground-
source heat pump. This system was combined with an underground thermal energy storage
system with nanomaterials so as to increase its energy efficiency. The results showed that
the incorporation of the nano-enhanced thermal energy storage system increased the over-
all performance of the hybrid system by 27.1%, and the energy consumption was reduced
by 36.7% [13]. In another research work, Wang et al. investigated a combined system where
solar thermal collectors, photovoltaic panels, a hot water storage tank, a battery and a
diesel engine were installed in a residential building. The solar thermal system was used
to produce domestic hot water, space heating and space cooling by using an absorption
refrigeration system. It was concluded that after the optimal design of the proposed system,
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the internal temperature of the studied residential building was controlled, and thermal
comfort was achieved [14]. A hybrid system with photovoltaic panels, a wind turbine, a
ground-source heat pump, a fuel cell, a diesel generator and a battery was examined by
Cheraghi and Jahangir. More specifically, they implemented a multi-objective optimization
analysis of the aforementioned system, which was installed in a residential building. It was
seen that the power system that used only the diesel engine as a backup source had a lower
levelized cost of energy but higher carbon dioxide emissions. Additionally, they stated
that fuel cells are an expensive technology but have many environmental advantages [15].
Moreover, Jaffarian et al. performed a multi-objective optimization analysis of a hybrid
energy system for residential buildings. More specifically, different energy storage systems
(a latent thermal energy storage system with phase-change materials, hydrogen storage
with fuel cells and battery storage with Li-On cells) combined with renewable energy
sources (photovoltaic/thermal collectors, heat pumps and a desiccant wheel) were studied.
It was calculated that, in warm climates, a renewable energy fraction of 85.35% can be
achieved, while in cold climates, a renewable energy fraction of 59.23% can be achieved,
leading to 1088.24 kWh and 731.37 kWh annual electricity savings, respectively [16]. Last
but not least, a novel solar-biomass micro combined heat and power system for residential
applications was studied by Skiadopoulos et al. The proposed system covered 97.10% and
25.85% of the annual demand for space heating and electricity, respectively. In addition,
the annual carbon footprint of the studied building was reduced by 31.22 kg equivalent
carbon dioxide (COyeq), while the annual primary energy saving was 46.58 kWh/ m? after
the implementation of the proposed system [17].

Within the framework of this paper, strategies for optimizing insulation thickness
and integrating renewable energy sources to improve energy efficiency and reduce life
cycle costs (LCCs) in residential buildings are studied. Utilizing state-of-the-art simulation
tools such as DesignBuilder V7.0.2.006 which uses EnergyPlus V9.4.0.002 sourced by
Gloucestershire, United Kingdom, this study models a two-story residential building
located in climate zone B. This study evaluates various combinations of insulation and
RES to determine solutions that not only achieve optimal thermal comfort but also align
with the EU’s directive requiring a minimum of 49% renewable energy integration [18]. By
systematically analyzing and optimizing different scenarios, this study aims to provide
actionable insights for enhancing residential energy systems and meeting stringent energy
performance standards, thereby supporting the broader goals of sustainable building
practices and regulatory compliance.

With respect to the scenarios examined, following reasons led to choosing the specific
systems: There are a great variety of RES systems that one can examine, and within the
limited space of a paper, we focused on combinations that are currently usually used in
Greece. Solar thermal systems are the most popular RES system in urban areas and the
most widespread RES system in the Greek building sector due to the country’s favorable
climate conditions and the presence of a strong industry since the 1970s. They have the
highest acceptance rate by the public and are therefore the primary option for hot water
production and supporting space heating systems. Heat pumps are becoming gradually
more popular, despite their high initial costs. Biomass-fired boilers are not used in urban
areas due to their emissions and due to practical problems, like the lack of storage space
for pellets. They are, however, used in suburban and rural areas. Furthermore, natural
gas will act as a bridge fuel towards the climate neutrality target and will remain the
conventional mainstay in the coming two decades for residential heating, both alone and
as a back-up system.

The use of building applied photovoltaics undoubtedly has benefits and is an appeal-
ing option. In this paper, however, we focused on the use of thermal RES (solar thermal,
biomass, geothermal energy) as part of the effort to support heating and cooling decar-
bonization, which accounts for a large proportion of the energy consumption in European
households. The “electrification” of buildings” heating systems is a parallel track to meeting
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this goal, and there is strong interest in it, which is expressed in many research projects and
the resulting literature.

Furthermore, this study’s results can be used for the calculation and improvement of
the smart readiness indicator of residential buildings, an indicator which will be mandatory
in the next years. The smart readiness indicator of buildings assesses the technological
readiness of a building by evaluating the functionality level of various smart devices,
aiming at energy savings, the ability of the building to respond to users’ needs and energy
flexibility [19]. Last but not least, it is worth noting that there are many papers in the
literature regarding the calculation of the optimal insulation thickness for various building
elements [20], but investigations into the optimal insulation thickness in relation to the
achieved renewable energy percentage are missing.

2. Materials and Methods

The computational analysis was conducted using the DesignBuilder V7.0.2.006 soft-
ware which uses EnergyPlus V9.4.0.002, sourced by Gloucestershire, United Kingdom, for
the energy simulation This study focused on a two-story residential building with a ground
floor and two similar upper levels, as illustrated in Figure 1. The building was located in
Athens, which belongs to climate zone B according to the Greek National Legislation [21].
The total conditioned floor area was 876.9 square meters, with a conditioned volume of
2178.3 cubic meters. The building was oriented to the north, and the window-to-wall ratio
was approximately 30%.
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Figure 1. (a) Ground floor, (b) first/second floor.
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The building was initially modeled based on provided architectural designs, and
then the structural elements were defined, and the appropriate materials were selected
to minimize thermal losses. So, extruded polystyrene was used to insulate the external
walls, roof and floor, with a thermal conductivity coefficient A = 0.033[W/mK] [22].
Also, triple-glazed windows were used with Ugjying = 0.8 W/ mZK]. Regarding the
window frame, unplastic polyvinyl chloride (UPVC) material was selected, with a U-
value of Uyindow frame = 1.6 [W / mZK}. Furthermore, regarding the demand for lighting,
it was assumed that most rooms needed between 200-300 lux illuminance, which was
covered by light-emitting diode (LED) lamps of 2.5 W/m? each. After the modeling of
the building, the next step was to select the heating, ventilation and air conditioning
(HVAC) systems. In this study, the calculations regarding the internal conditions were
based exclusively on the internal air temperature within the building’s thermal zones.
The indoor temperature was maintained between 22 °C and 24 °C during summer and
between 19 °C and 21 °C during winter. External factors, such as radiant heat gains or
losses, were excluded from the assessment to ensure consistency across all scenarios. This
approach focused on stabilizing the internal air temperature as the primary metric, which
allowed for a controlled comparison of the different energy supply systems, independent
of the outdoor environmental conditions. In every scenario, a steady-state heating design
analysis was performed to calculate the maximum heating load of the building, and a
steady-state cooling design analysis was performed to calculate the maximum cooling load.
To ensure consistency in comparing the impacts of the various energy supply methods
on the building’s cooling and heating loads, an initial sizing of each HVAC system was
conducted using the uninsulated building model as a baseline. This baseline allowed for
a standardized calculation of the heating and cooling load requirements, facilitating a
uniform starting point for assessing the different energy systems. For each subsequent
scenario that included various insulation thicknesses, the autosize function was employed.
This function dynamically adjusted the capacity of each HVAC system to match the specific
heating and cooling demands created by the different insulation levels, ensuring that each
system’s output power was aligned with the corresponding load. By maintaining the initial
sizing based on an uninsulated structure and employing the autosize adjustment for each
insulation variant, the analysis was conducted on a comparable scale. This methodology
allowed for consistent evaluation across the energy supply methods while accounting for
variations in the building envelope performance and its influence on operational costs.

To calculate renewable energy integration, six different scenarios of hybrid systems
were studied with different combinations of boilers, heat pumps, solar thermal systems
and solar absorption chillers. In this analysis, the price of electricity was assumed to
be 0.12 EUR/kWh, and the prices for biomass (pellet) were set at 0.11 EUR/kWh and
0.085 EUR/kWh, depending on the source. In Table 1, the technical characteristics of each
scenario are presented.

2.1. Detailed HVAC Modeling

In every scenario, a detailed HVAC model was designed to appropriately size each
part of the system, with the main goal of achieving acceptable internal conditions within
the building. The controlled parameter was the air temperature in each thermal zone,
which was divided into five distinct areas, with the first on the ground floor and the others
on the first and second floors, corresponding to the four apartments. The heating setpoint
was established at 20 °C and the cooling setpoint at 24 °C based on values from the Greek
legislation of the Technical Chamber of Greece for residential buildings in climate zone
B [23]. To optimize the system performance and maintain stable conditions, a hysteresis of
£2 °C was implemented. Consequently, the heating system was set to activate when the
temperature falls below 18 °C and deactivate when it exceeds 22 °C. Similarly, the cooling
system was set to begin operation when the temperature rises above 26 °C and stop when
it drops below 22 °C.
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Table 1. Technical specifications of the HVAC systems for each scenario.

Case Heating Cooling Domestic Hot Water Technical Specifications
. . 20 m? solar thermal ; 0/ offici
Biomass boiler, 20 m?2 . e . ( ! 40 kW Boiler 89% efficiency
! solar collector Local air conditioning units  collector, biomass boiler as EERlocal units = 3
auxiliary source
Water-to-water o
geothermal heat pump, ,, h 1 20 m* solar thermal COP =4, EER =55,
2 condensing natural gas ater-to-water geotherma collector thermal, Pheating = 10 kW
boiler as heat pump condensing natural gas Pcooling = 9 kW
auxiliary source boiler as auxiliary source
Air-to-air heat pump, 20 m? solar thermal COP =32 FER = 4
3 condensing natural gas Air-to-air heat pump collector, condensing Pheating e lw
boiler as natural gas boiler as Pcooling = 13 kW
auxiliary source auxiliary source &
Air-to-water heat 20 m? solar thermal COP =4.5,
4 pump, condensing Local air conditionine units collector, condensing Pheating = 11 kW
& EERlocal units = 3

natural gas boiler as
auxiliary source

natural gas boiler as
auxiliary source

Pcooling = 16 kW

30 kWbBoil
160 m? solar collector, ] ) 20 m? solar thermal 89% efﬁci(élni;
5 biomass boiler as Solar absorption chiller collector, biomass boiler as 55 kW solar absorption
auxiliary source auxiliary source chiller COP = 0%5
COP =3,

20 m? solar
thermal collector

Water-to-air geothermal

6 Water-to-air
heat pump

geothermal heat pump EER = 4.5, Pheating = 15 kW

Pcooling = 12 kW

2.2. Optimization Algorithm

The optimization process utilized the JEA optimization engine, which offers a range
of configurable parameters to fine-tune the performance and effectiveness of the search for
optimal solutions. The generation population size determines the number of solutions eval-
uated per iteration, with larger populations generally required for more design variables
and influenced by the number of available processor cores. As the Pareto archive builds,
the max population size limits the number of solutions per generation. The crossover rate,
set high at 1.0, combines genetic information from parent solutions to create new offspring,
mimicking biological crossover. The mutation rate, with a default of 0.4, ensures genetic
diversity and helps prevent premature convergence, balancing the need for fast conver-
gence and thorough exploration of parameter space. The tournament size, typically set to
2, governs the selection process, where larger sizes reduce the chance of weak individuals
being selected, thus pushing towards desired objectives more effectively. The objective
bias setting controls the trade-off between the Pareto ranking and constraint feasibility.
Additionally, the optimization can be constrained by the max evaluations and max wall
time, ensuring the process halts after a specified number of iterations or hours, respectively,
preventing excessive computational time and resources from being expended unnecessarily.
In this study, a Pareto-front-based optimization algorithm was employed to determine
the optimal combination of the insulation thickness, RES integration and life cycle cost
(LCC). The objective function used was the minimization of the LCC and the maximization
of the RES, considering a 20-year life cycle and the percentage of RES integration [24].
Two different optimization algorithms were used in this study, one for the scenarios that
included a heat pump and a second one for the scenarios that included a boiler. However,
in all scenarios, the equations used regarding domestic hot water, lighting, equipment fans
and pumps were the same.

2.2.1. Equations for the Heat Pump Scenarios

The energy performance of the heat pump scenarios was calculated by Equations (1)—(8).

9¢ own) M

Enpc = gpr
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Epp,n = % [kWh] 2)

Enp,1otal = Enp,c + Enp,n [KWh] 3)

RESpp,c = Qc — Enp,c [kWh] 4

RESyp,H = Qu — Enp,u [KWh] ©)

REStotal,ip = RESpp,u + RESpp,c [kWh] (6)

REStyta1 = RESpp,n + RESyp,c + RESpaw [kWh] @)
Qtotal = Enp,1otal + QpEW + QL + QF + Epumps + Efans [kKWh] (8)

2.2.2. Equations for the Boiler Scenarios

Moreover, Equations (9)—(12) were used to calculate the energy performance of the
boiler scenarios.

Qs = 2 flowh] ©)
np
RESBiomass = Qu [kWh] (10)
Qrotal = Qb + Qc + Qpaw + QL + QEF + Epumps + E fans [kKWh] (1)
RESTy1a1 = RESBiomass + RESpaw [kWh] (12)

2.2.3. Domestic Hot Water Equation
The percentage of RES regarding DHW was calculated by Equation (13).

RESpaw = Qpaw — Epaw [kWh] (13)

2.2.4. Total Renewable Percentage Equation
The overall RES percentage was estimated by Equation (14).

RES Total
Total

RESs, = x 100% (14)

2.2.5. Life Cycle Cost Equation

Regarding the economic assessment, LCC was calculated by Equation (15).

& (COt + CM,t+Creplacement,t) R
LCC = Cinitial + ' — el e 15
initial t:zl (1 I T’)t (1 n r)n [ ] (15)
2.2.6. Initial Cost Equation
The initial Cost was estimated by Equation (16).
Cinitial = Cexternal walls + Cinternal walls + Cwindows frame + Cuwindows glazing (16)

+Clighting + Cinsulation + Crvac [€]

2.2.7. HVAC Cost Equation (Ground-Source Heat Pumps Cases)
The HVAC cost for the ground source heat pump scenarios was calculated by Equation (17).

Chvac = Cpurchuse + Cdrilling [€] (17)

2.2.8. Operational Cost Equation
The operational cost was calculated by Equation (18)

Co,t = Crvac + Ciightingt + Cdevices, [€] (18)
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2.2.9. HVAC Operational Cost Equation (Only Electricity)
The HVAC operation cost, only for electricity, was estimated by Equation (19).

CHVAC,t‘ = EHVAC X Celectricity,t [€] (19)
2.2.10. HVAC Operational Cost Equation (Electricity and Biomass)

The HVAC operational cost both for electricity and biomass was estimated by
Equation (20).

CHVAC,t - (Ecooling + Epumps + Efuns + EDHW) X Celectricity,t (20)
+(Ehggting) X Cbiomass,t [€]

2.2.11. Objective Function and Constraints
The objective function and the constraints are presented in Equation (21).

Minswalisrsmofrsfloor ( LcC - RES%)
subject to :
Cinitial < Cinitial max
CO,yearly CO,yearly,max (21)

Qtotul Qtotul,mux
0 < sparrs <20 cm

0< Sroof <20 cm
0< S floor < 20 cm

<
<

2.2.12. Python Code for Data Extraction

A Python code was developed to extract data from an SQL database created after each
EnergyPlus simulation. The code uses the simulation output file to consider every energy
demand of the building. The workflow diagram of the code is presented in Figure 2.

Start

Call before_energy_idf generation()
- Set SQLite output attribute

Run EnergyPlus Simulation
- Generates eplusout.sql output file

Call after_energy_simulation()
- Define file path to eplusout.sql
- Define variables to extract

Retrieve simulation results using
get_results(file,variablesData, alike=True)

- Extract specified variables data

Convert extracted data to kWh
- Apply conversion factors

- Compute fan, heating, cooling, solar, pump, lights.
equipment consumption

- Calculate the renewable energy ratio

Store the result in the database table

- Use Site.GetTable("ParamResultsTmp")
- Add a new record with renewable ratio

End

[ Calculate renewable energy ratio ]

Figure 2. Workflow diagram of the Python script.
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The script automates the process of extracting, processing and storing the energy
consumption data from EnergyPlus simulations. By calculating the renewable energy ratio,
it provides valuable insights into the sustainability and energy efficiency of the simulated
building. This information can be crucial for designing energy-efficient buildings and
optimizing their energy systems.

3. Results

The results of every optimization process indicate the optimal combination of the
insulation thickness for the external walls, the ground floor and the roof of the building.
In Figures 3-7, the results for every scenario are shown.
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Figure 3. (a) Internal air temperature throughout the year, (b) optimization results for Scenario 1.
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Figure 4. (a) Internal air temperature throughout the year, (b) optimization results for Scenario 2.
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Figure 5. (a) Internal air temperature throughout the year, (b) optimization results for Scenario 3.
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Figure 6. (a) Internal air temperature throughout the year, (b) optimization results for Scenario 4.
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Figure 7. (a) Internal air temperature throughout the year, (b) optimization results for Scenario 5.
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3.1. Scenario 1: Biomass Boiler, Solar Thermal Collector and Packaged Terminal Air
Conditioning Unit

In this case, the heating demand was effectively met by using a biomass boiler com-
bined with floor heating as the terminal unit. The system maintained stable thermal comfort
levels throughout the year. The cooling demand was covered by a packaged terminal air
conditioning unit, which operated efficiently in all thermal zones. Domestic hot water
requirements were fulfilled by a solar thermal collector equipped with an internal heating
element. The integration of renewable energy reached approximately 65%, primarily due
to the contribution of the biomass boiler. However, the optimization process revealed that
several configurations exceeded the operational cost constraints and the construction cost
constraints for insulation thicknesses over 16 cm.

3.2. Scenario 2: Ground-Source Water-to-Water Heat Pump and Solar Thermal Collector

In this scenario, the ground-source heat pump (GSHP) demonstrated stable perfor-
mance in terms of both heating and cooling, while a low-temperature natural gas boiler was
installed as a backup. Fan coil units were chosen as terminal units, allowing for the efficient
management of heating and cooling. The optimization did not encounter any violations
of constraints, mainly due to the reduced electricity consumption and operational costs
achieved by the GSHP. This case effectively minimized operational costs while maintaining
high energy efficiency.

3.3. Scenario 3: Air-to-Air Heat Pump and Solar Thermal Collector

This scenario, relatively unstable thermal comfort levels were obtained, though they
were still within acceptable limits. The instability was attributed to the selected air system.
Optimization attempts frequently failed to meet the operational cost constraints, primarily
due to the significant electricity consumption caused by the heat pump’s mechanical
components, including the supply fan and the heating coil.

3.4. Scenario 4: Air-to-Water Heat Pump and Solar Thermal Collector

The air-to-water heat pump seemed to deliver very stable thermal comfort levels due
to the usage of water convectors for heating and the packaged terminal air conditioning
unit for the cooling demand. On the other hand, the renewable energy percentage was
low because of the internal heating element in the heat pump that was necessary in order
to cover the heating demand when the outside air temperature was low. So, it is obvious
that in this case, the electricity consumption was increased, while the renewable energy
percentage was reduced.

3.5. Scenario 5: Solar Absorption Chiller, Biomass Boiler and Solar Thermal Collector

The scenario with the solar absorption chiller had the most complex and detailed
HVAC model. The solar thermal collectors’ area (160 m?) had multiple purposes; at first, it
was used to cover the domestic hot water demand, and second it was used as a heating
source for the solar absorption chiller, and it also participated in the coverage of the heating
demand along with the biomass boiler. The optimization indicates a high renewable energy
integration percentage with a small number of combinations failing the constraint of the
operational costs. Additionally, the insulation thickness of over 13 cm also failed the
constraint of the construction costs.

3.6. Scenario 6: Ground-Source Water-to-Air Heat Pump and Solar Thermal Corrector

Last but not least, the scenario with the water-to-air heat pump presented a relatively
unstable performance (but between the acceptable margins) in terms of thermal comfort
levels due to the air system being used as the terminal unit. As it can be seen in Figure 8,
the renewable energy percentage was lower than the scenario with the water-to-water heat
pump due to the required higher electricity consumption. The optimization indicates that
the combinations with an insulation thickness of over 15 cm failed the constraint of the
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construction costs. The overall results regarding the optimal insulation thickness for each
scenario are summarized in Table 2.
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Figure 8. (a) Internal air temperature throughout the year, (b) optimization results for Scenario 6.

Table 2. Optimal insulation thicknesses for external walls, roof and floor in every case.

Optimal Insulation Thickness

Scenario External Walls [cm] Roof [cm] Floor [cm]
Biomass b.O iler, SC.)I.aI' c.ollect(?r and local Varies from 0 to 3 cm Varies from 0 to 8 cm Varies from 5 to 15 cm
air condltlomng units
Water-to-water heat pump and solar Varies from 5 to 6 cm Varies from 5 to 6 cm Varies from 2 to 6 cm

thermal collector

Air-to-air heat pump and solar collector Varies from 2 to 9 cm Varies from 0 to 9 cm Varies from 0 to 4 cm
Air-to-water heat pump and

Varies from 5 to 13 cm Varies from 5 to 6 cm Varies from 0 to 4 cm
solar collector
Water-to-air heat p}lmp, sgl.ar ’fherma.l Varies from 6 to 12 cm Varies from 4 to 5 cm Varies from 6 to 9 cm
collector and local air conditioning units
Solar absorption chiller, biomass boiler Varies from 5 to 8 cm Varies from 7 to 15 cm Varies from 5 to 6 cm

and solar thermal collector

4. Discussion

In Figure 9, it is clearly shown that the scenarios (a) with the biomass boiler, (b) with
the solar absorption chiller combined with a biomass boiler and (c) with the solar thermal
collectors and the water-to-water heat pump could meet the EU directive’s goal of 45%
renewable energy integration. The water-to-air heat pump achieved a slightly lower
percentage of renewable energy integration due to the required additional fan systems
powered by electricity, but it still stands as an excellent option because of its low operational
costs and stable performance. The air-to-air heat pump and the air-to-water heat pump
seemed to have the lowest integration of renewable energy due to the significantly higher
electricity consumption.

Furthermore, in Figure 10, the economic feasibility of each scenario is presented based
on the life cycle analysis. It is obvious that the scenario with the biomass boiler had the
lowest life cycle costs. On the other hand, the most cost-intensive solution was the solar
absorption chiller due to its significantly lower COP and its high initial investment costs.
Regarding the heat pumps, it was observed that for all four scenarios, the differences
were small. It was seen that the ground-source heat pumps had high initial investment
costs, mainly due to drilling costs, whereas air-source heat pumps had higher operational
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costs due to the required electricity consumption when the outside temperature was low.
Although the indoor and outdoor temperatures remained constant across all scenarios,
the building envelope’s performance had to be adjusted based on the characteristics of
each energy supply system. Systems with higher operational efficiency, such as ground-
source heat pumps, benefit from better insulation, as it helps to reduce operational costs by
minimizing heat losses. Conversely, less efficient systems, like air-to-air heat pumps, result
in higher electricity consumption, requiring adjustments to the envelope to balance the life
cycle costs. Therefore, optimizing the building envelope directly contributes to lowering
operational costs and ensuring that renewable energy systems can meet the desired energy
targets while maintaining cost-effectiveness.

Renewable Energy Integration

70

60

0 |I II II II II II

Biomass boiler, Ground-source heat Air-source heat Air-source heat Solar absorption Ground-source heat

N
o

w
o

N
o

=
o

solar thermal pump water-to- pump air-to-air and pump air-to-water  Chiller, Biomass pump water-to-air,
collector and local ~ water and solar solar thermal and solar thermal  boiler and solar solar thermal
air conditioning  thermal collector collector collector thermal collector collector and local
units air conditioning
units

M Percentage of Renewable Energy % M EU directive

Figure 9. Comparison of each case with the EU directive.
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-
1,300,000.00
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Biomass boiler, Ground-source Air-source heat Air-source heat Solar Ground-source
solar thermal heat pump pump air-to-air pump air-to- absorption heat pump
collector and water-to-water andsolar  water and solar Chiller, Biomass water-to-air,
local air and solar thermal thermal boiler and solar solar thermal
conditioning thermal collector collector thermal collector and
units collector collector local air
conditioning
units

Figure 10. Comparison of life cycle costs for each scenario.
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5. Conclusions

This research underscores the importance of optimizing insulation and incorporating
renewable energy sources in residential buildings so as to maximize energy efficiency and
cost savings. The use of advanced computational tools and optimization algorithms offers
a robust framework for evaluating and implementing sustainable building solutions. The
results highlight the importance of selecting appropriate materials and systems to enhance
energy efficiency and economic feasibility. More specifically, regarding thermal insulation,
it was observed that the optimal thermal insulation thickness in combination with the
maximization of the RES integration varied from 0 cm up to 13 cm for external walls,
0-15 cm for roofs and 0-15 cm for floors, depending on the heating and cooling system.
In terms of the energy simulations, it was found that thermal insulation was the variable
with the largest effect on the energy consumption of the building. The increase in thickness
limited the energy requirements for heating to a great extent, but at the same time, there was
a slight increase in the cooling requirements, as heat transfer was minimized between the
interior and exterior of the building. Based on the energy results regarding RES integration,
it was concluded that the optimal solution was the biomass boiler. The ground-source heat
pumps also had an equally high rate of RES integration along with a steady operation.
On the other hand, the air-source heat pumps presented an unstable operation when the
outside air temperature was low, and as a result, the RES integration percentage was
reduced. Furthermore, regarding the calculated life cycle costs, the optimal scenario was
once again the one with the biomass boiler, while the absorption chiller scenario was the
worst. Additionally, the four heat pump scenarios presented similar results in the life cycle
costs analysis with small differences. More specifically, the ground-source heat pumps had
higher initial investment costs, whereas the air-source heat pumps had higher operational
costs. Lastly, future research should investigate the integration of more renewable energy
technologies like photovoltaics and/or micro wind turbines and, more importantly, hybrid
solutions, including, for example, photovoltaics, heat pumps and storage, alongside their
economic feasibility. Moreover, an environmental assessment should take place throughout
the whole life cycle of the studied systems so as to include the environmental aspect
in the analysis. Additionally, future studies should consider the variability in HVAC
system performance ratios, specifically the efficiency, coefficient of performance and energy
efficiency ratio, as these metrics respond to changes in a building’s thermal envelope and
different weather conditions across climate zones. This approach would provide a more
nuanced understanding of energy supply optimization across diverse climates and building
structures. Finally, incorporating thermal comfort metrics, such as the Predicted Mean
Vote (PMV) and Predicted Percentage of Dissatisfied (PPD), would enable a comprehensive
evaluation of occupant thermal comfort.
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Abbreviations

The following abbreviations are used in this manuscript:
EU European Union

RES Renewable energy systems

CO2eq Equivalent carbon dioxide [kg]

LcC Life cycle cost [EUR]

UPVC Unplastic polyvinyl chloride

LED Lighting-emitting diode

HVAC Heating, ventilation and air conditioning

Qn Annual heating load [kWh]

Qc Annual coaling load [KWh]

QpHw Annual domestic hot water load [KWh]

Qr Annual lighting energy consumption [KWh]

Qr Annual equipment energy consumption [KWh]
EER Energy ef fiency ratio [—|

cop Coef ficient of perfomance for heating [—]

np Efficiency of the boiler

QB Boiler fuel consumption [kKWh]

Epumps Annual electricity consumption of pumps [kWh]
Efans Annual electricity consumption of fans [kWh]
Eneating Annual electricity consumption for heating [KWh]
E cooling Annual electricity consumption for cooling [kWh]
Epnw Annual electricity consumption for domestic hot water [kWh]
Q7otal Total energy demand [KWh]

RESTota1 1P Renewable energy heat pump case [kWh]

RESTota1 Biomass ~ Renewable energy biomass boiler case [kWh]
Cinitial Initial investment cost [EUR]

Co,t Operational cost for the year t [EUR]

Cm e Maintenance cost for the year t [EUR|

Creplacement,t

Rend
7

Replacement cost for the year t [EUR]
Residual value an the end of the cycle [EUR]
Discount rate (reflecting the time value o f money)

n Total number of year in the life cycle

PMV Predicted Mean Vote [—|
PPD Predicted Percentage of Dissatis fied [—|
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Abstract: The energy challenges of overcoming climate change and economic and global political
crises require not only the increased integration of renewable energies but also an optimisation of
energy generation and use and, as a result, a reduction in energy consumption in various sectors.
Thermal energy consumption in buildings in particular accounts for a significant proportion of final
energy consumption. With respect to commercial buildings, a central problem in optimising the
system settings is the lack of or only limited information about the actual room temperatures as well
as the comfort requirements and temperature perception of the users in the rooms on the one hand
and the operational management and settings specified by the facility management, for example,
the heating curves of the heating circuits, on the other. The aim here is to create a bidirectional flow
of data and information so that the compromise between the necessary room temperatures and the
comfort of the users and the most energy-efficient operational management possible can be achieved.
In this context, the paper presents a developed and tested web platform that makes it possible to
optimise the operation of the system technology, particularly the heating system in the building,
from an energy point of view and to involve the building user (e.g., office employees) and to pass on
information to the facility management, thus pursuing a holistic approach. In the associated Living
Lab project (called ComfortLab), it was possible to obtain over 6500 votes on temperature perception
and combine this with building operation and the parameters relevant to facility management. This
made it possible to bridge the gap between user requirements and room temperatures on the one
hand and energy consumption and the inlet temperature of the heating system and supply circuits on
the other. The use of the platform makes it possible to optimise the setpoint specification, specifically
the inlet temperature of individual heating circuits, considering both regular building operation at
times of presence and the setting of weekend and night setback times. The results show a diversified
picture regarding temperature perception and possible room temperature reductions of several
degrees Celsius and energy savings in the double-digit percentage range.

Keywords: occupant-centric controls; building control; heating systems; building automation; energy
efficiency; feedback systems; heating energy; facility management

1. Introduction

The current draft of the Energy Performance of Buildings Directive (EPBD) [1] provides
for more buildings to be equipped with building automation systems from 2025 onwards,
enabling more comprehensive monitoring of new or extensively renovated buildings, as in
many cases buildings do not achieve the specific consumption levels that would be expected
based on their building envelope and building technology. This is particularly important
because buildings, and especially heating energy consumption, account for a significant
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proportion of energy consumption. In Germany, for example, this currently amounts to
around 28% [2]. Overall, the EU-wide legislation aims to decarbonise the building stock and
thus the associated energy supply by 2050. A mix of different measures will be necessary
to achieve this ambitious goal. These include the integration of renewable energies, both in
the electricity and heating sectors and the flexible and intelligent management of energy
generation and consumption. Energy storage also plays a key role in decoupling the timing
and can ensure an optimised balance between the supply and consumption of energy flows.

Studies on real buildings show that there is an interaction between user behaviour
and the operational management of the building technology and the associated energy
consumption [3,4]. Users not only have a direct influence on consumption, e.g., through in-
appropriate room temperature settings or incorrect ventilation behaviour. In commercially
operated buildings, complaints from users about a real or perceived undersupply of heat
also lead to adjustments to the system technology by the facility management, which lead
to additional consumption and encourage energy wastage through user behaviour. For
example, a ventilation heat loss caused by permanent tilt ventilation can be compensated
with correspondingly high inlet temperatures at the radiator if sufficient heat is provided.
The comfort gain (room temperature and fresh air supply) maintained by the user in this
way leads to disproportionately high heat energy consumption.

The plant automation (e.g., control of the heat generator, speed specification of circula-
tion pumps, etc.) and the room automation (e.g., control of the lighting, control of electronic
thermostatic valves) are organised as two trades in terms of structure and planning [5].
Although information can be exchanged via interfaces, this is only done in a few cases and
mostly in informative form (for example, as the integration of warning messages from room
automation in the building management system) and not to optimise operational man-
agement (for example, to adapt setpoint specifications for the system technology from the
room automation data determined). Energy management is traditionally another system to
which information is also transferred via corresponding interfaces and used for evaluation.
A central challenge in the operation and optimisation of the operational management of
the system technology is therefore the great uncertainty about the real perception of the
employees and the situation in the offices on the one hand and the decentralised infor-
mation situation in the various systems on the other. In traditional building automation
systems and platforms, there is no structured way of obtaining and processing feedback
apart from unrepresentative individual opinions and problems. This applies not only to
settings during working hours, but also to information about the effect and the utilised and
still existing potential of setback operations outside working hours. In practice, this often
leads to a generalised oversupply of heating energy, especially when individual complaints
reach facility management.

This is where the ComfortLab platform presented in this paper comes in. The asso-
ciated solution is to obtain standardised feedback on the temperature perception of the
largest possible number of employees with as little individual effort as possible and to take
this into account as a specification for the operational management of the system technology.
The platform was developed in a BBSR-funded (Federal Institute for Research on Building,
Urban Affairs and Spatial Development) research project by the EBZ Business School and
the Wuppertal Institute with the involvement of the design studio ‘inbestergesellschaft’
on the basis of the Living Lab approach [6,7]. The project was carried out in the heating
periods 2021 /2022 (pre-test) and 2022 /2023 (field test) with over 200 participants in the
BMUYV properties (Federal Ministry for the Environment, Nature Conservation, Nuclear
Safety and Consumer Protection) in Berlin and Bonn, which cover a total gross floor area of
around 100,000 m?. In the predecessor project (details can be found in the corresponding
publication [8]) the main focus was on the user’s individual interaction with the building in
terms of heating and ventilation behaviour. To this end, the effect of feedback systems and
surveys was analysed and successfully evaluated. In the follow-up project, this approach
was continued, but with the focus on reaching a significantly larger number of employees
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to provide better findings for the operational management of the system technology as a
whole and as support for instructions for facility management.

The current status of other research and publication activities was analysed on the
basis of a literature search. Several sources were found that take partial aspects of the
ComfortLab approach into account. The integral overall approach between querying the
temperature perception, analysing the building technology and providing feedback to the
facility management, considering an appealing user interface that is understandable for
non-technical users, has not yet been tested and represents a novelty with regard to the
available publications. The following is a brief description of current research activities
and results and how they relate to this publication and the ComfortLab approach.

In [9], a literature search of studies was carried out in which user-centred operational
management is described. Various aspects and technologies were considered and sum-
marised here. An existing challenge is seen in the necessary amount of user-related data;
the number of studies that take building operators and facility management into account
is also summarised as very low and requires further investigation. Di Giuda et al. [10]
have developed a system to support adjustments to the system technology, in which data
from IoT sensors (e.g., cameras for presence detection) and post-occupancy evaluations
were used to support facility management in optimising operations and building use based
on defined KPIs. This did not include any kind of direct feedback from employees. The
authors in [11] summarise the structure of IoT systems in the context of building manage-
ment systems and propose an ‘adaptation level” at the management level that will, for
example, incorporate user activities into operational management in the future. In [12], an
interface was developed that visualises information on energy consumption for students.
Surveys conducted at the same time in the co-design process were met with broad interest;
48 students were surveyed, and the feedback was used to revise the visualisation. Feedback
into the operational management or the derivation of recommendations for action for
facility management was not investigated. Garg et al. [13] have developed a survey-based
interface for households, which is intended to encourage energy savings through feedback.
Here too, optimisation or adaptation of the system technology was not investigated.

In [14], the authors examined building automation systems in a review paper with
regard to the possibilities of adapting building operation while taking real-time feedback
into account. Only a few studies were found that show mathematical relationships between
physical factors of the indoor climate and productivity, most of which are still based on
static models (e.g., the PMV), and there is potential for an individual approach. Jayathissa
et al. [15] have developed an app that can be installed on Fitbit watches. In a four-week test
phase, almost 1500 votes were collected from 15 people. Hierarchical K-Means Clustering
was used to form four clusters for comfort perception. The use requires configuration
and availability of the smart watches and does not offer any direct recommendations for
actions for the facility management regarding system technology settings. In [16], a system
was developed that provides building users with recommendations for reducing their
energy consumption on the basis of operating data; the premise here was a high degree
of scalability to other buildings and systems. Feedback from the user or the derivation of
system settings was not considered.

In [17], Jin et al. simulatively tested the possibility of reducing the consumption of
ventilation systems, plug-in loads and lighting by means of presence detection through
WLAN activity; on a daily average, this could lead to energy savings of 10% in the study.
There was no transfer to real buildings or a field test. In [18], the acceptance of a building
automation system by facility managers was evaluated, with the system providing machine-
learning-based information about faults in the system technology. Compliance with the
user’s comfort requirements was defined as a goal alongside energy- and cost-efficient
operational management but was not specifically taken into account during development.
Desogus et al. [19] are actively developing a platform that enables facility management
to optimise building operation based on measured comfort indicators. The evaluation
of comfort is based on measured parameters and not on feedback. Based on a partial
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dataset from the ASHRAE Global Thermal Comfort Database II [20], the authors of [21]
investigated how the load control of HVAC systems can be realised under the predicted
thermal satisfaction based on the dataset. No original data samples were collected, and no
tests were carried out on real systems.

The summary of the current research situation shows that individual aspects, such as
recommended actions for system settings and feedback from users via end devices (e.g.,
smart watches), already exist and have been implemented in the research landscape. The
ComfortLab platform, on the other hand, offers a device- and user-independent way of
intuitively assessing the temperature well-being of the largest possible number of people,
combining these data with technical parameters from building automation and making
them available to facility management. The platform is both flexible in terms of building
technology and cost- and resource-efficient in terms of the necessary data collection for the
largest possible group of people. The following research questions were defined as guiding
principles and were to be answered:

e  What are the requirements in terms of thermal comfort in the object under investigation
and what parameters need to be collected for the envisaged solution?

o  What is the status quo of conventional operational management, considering different
operating periods?

e Isit possible to develop a simple and intuitive, web-based solution that addresses
as many participants as possible and obtains their temperature perception over a
sufficiently long period of time on one site and considers the requirements of the
facility management on the other site?

e  What reduction in the flow temperature in heating circuits as a central control variable
is possible, and what effects does this have on heat energy consumption?

The rest of the paper is structured as follows: Section 2 presents the background to
the measurements and platform development as well as the functionality and technical
parameters. Section 3 presents and interprets the results of the comfort measurements
and the use and acceptance of the platform. The resulting energy consumption and room
temperatures as well as the results from the final survey, which was carried out with
the participants after the test period, are included. Section 4 concludes the article with
a summary and critical evaluation of the results, as well as open research questions and
planned future developments.

2. Materials and Methods

This section describes the platform and the associated development. The platform
was developed and tested in several iteration loops in four heating periods. Initially, mea-
surements were taken to carry out a basic analysis of the comfort, ventilation and presence
situation (Section 2.1). These results were used as the basis for the initial assessment of
the operational management of the system technology and for evaluating the necessary
technical parameters for the development. This is followed by a description of the platform
used to collect the participants’ data and provide it together with the system parameters
for facility management (Section 2.2).

2.1. Comfort and Room Climate Measurements

To record the current comfort situation and the indoor climate, measurements were
carried out in selected rooms using measuring devices to record the relevant parameters
for determining the PMV /PPD in accordance with DIN EN ISO 7730 [22]. The measured
values include relative humidity, air velocity, air temperature and globe temperature. The
clothing index and metabolic rate were assumed to correspond to standard values for office
work (metabolic rate: 1.3 MET, clothing insulation: 0.9).

The aim of these measurements was to obtain an assessment of whether there were
any fundamental problems in the building, such as draughts, that needed to be considered.
Furthermore, as in the previous project, the PIAF ventilation assistant was used in selected
offices [23]. This records measurement data on the room climate (carbon dioxide concen-
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tration, room air temperature, relative humidity) and uses acoustic and visual signals to
alert the user to necessary and sensible ventilation processes. This enabled the occupancy
of the offices and the room temperature level to be recorded in selected offices over the
entire test period. Technical details on the PIAF ventilation assistant can be found in the
corresponding publication [8]. In addition to the data from the system technology, this
forms the database that was used in the development of the ComfortLab platform. As part
of the comfort monitoring, 36 rooms in Bonn with different types of use (meeting rooms,
offices) were measured; details of the measurement technology used can be found in [24].
The values were collected in the period from February to May 2021, so that although only
part of the heating period was recorded, there are still sufficient periods with low tempera-
tures below the heating limit. The data storage interval was set to 5 min; measurements
were taken for each room for a period of two weeks, after which the measuring devices
were installed in the next room. Figure 1 shows an example setup including the data logger
and the sensors for measuring indoor air quality, radiant temperature and air velocity.

Figure 1. Example of the comfort measurement setup.

The devices were positioned in such a way that the effects of sunlight, draughts or
other disturbances were avoided.

2.2. Technical Implementation

The ComfortLab platform consists of a decentralised structure with different sub-
systems as shown in Figure 2. The data interface was set up in such a way that the use
of common protocols (e.g., BACnet, OPC, Modbus) of the various building automation
systems in individual buildings was possible. The transfer to the ComfortLab platform
from the individual properties (left in Figure 2) takes place via IoT and web technologies
(e.g., MQTT, REST). Edge devices serve as intermediaries between the property and the
platform, recording local information from the building management system and forward-
ing it (Wi-Fi, LTE). This allows different buildings with different automation solutions
to be connected. The second part is the system consisting of a database server, MQTT
broker and REST interface (middle part of Figure 2). This is where the data are stored,
normalised and made available in various aggregation levels (e.g., daily consumption of
individual heating circuits, hourly average inlet temperatures of heating circuits). Differ-
ent units, intervals, etc., from the individual properties are thus harmonised, and data
can be compared. Weather data were obtained from the German Weather Service via a
REST interface (upper part of Figure 2). For the Bonn property, data from the weather
station “KoIn/Bonn (Flugh.)” at a distance of about 17 km were used; for Berlin, data from
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the station “Berlin-Tempelhof” at a distance of about 1 km were used. The final part is
the ComfortLab platform, operated on a separate system in the field test (right part in
Figure 2). This combines the information and enables the temperature perception and
visual overview to be provided by and for the employees (ComfortStripes) as well as the
technical representation for facility management (ComfortHub).

Bonn Building L.J
e 8 : REST-API l
& @ Edge
Device Data Storage and ComfortLab platform
Normalisation
BACnet/IP 2 MQTTIHTT_IiS
—_— | e
WiFi, LTE - ComfortStripes
Edge
Device
o | HTTPS
| - MQTT/HTTPS \‘ —————— >
= b [Am===————> .\ WiFi, LTE
WiFi, LTE ComfortHub

Edge
Device @
OPC UA » MQTTIHTT_F;S REST API
——— | L |
Modbus,... WiFi, LTE

Figure 2. Technical structure of the ComfortLab platform.

As office staff and facility management have different objectives and a different
technical understanding of the indoor climate and system parameters, the presentation
of the data collected in the ComfortLab platform was adapted for both groups. The
representation for both groups is based on the idea of Ed Hawkins’ “Warming Stripes”,
which are used to visualise the long-term rise in global warming temperatures [25]. The
“Warming Stripes” show the average annual temperatures of a location or region. On the
multi-coloured, sequential colour scale, deep blue stripes represent years with low average
temperatures, while deep red stripes show years with high average temperatures. The
absolute values differ from location to location, but over the course of many years, there is
a general progression from blue to red bars and a corresponding rise in temperature.

This idea was adapted for the ComfortLab platform: Blue colours stand for cold room
temperatures and a cold temperature sensation; red colours, for high room temperatures
and a warm temperature sensation. An example of the representation of employees and
facility management is shown in Figure 3.

(a) (b)

Figure 3. (a) ComfortStripes view for employees: The bars (blue: cold, orange: warm) show the
temperature perception and the measured room temperatures over time; (b) ComfortHub view for
facility management: the values are aggregated at heating circuit level.
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In order to reach as many office employees as possible and encourage them to par-
ticipate, the simplest possible form of interaction was developed—the “ComfortStripes”,
which is shown in the left part of Figure 3. The vote on the temperature sensation and
the recorded room temperature is visualised over time using a coloured bar. Blue stands
for cool, and red for warm temperatures. To collect the data, employees were notified
twice a day by e-mail and asked to vote. As wireless temperature sensors could not be
installed due to data protection concerns, the room temperature readings from a desktop
thermometer had to be entered in addition to the temperature perception data. This step
is prone to error and only represents a snapshot, so the aim is to automate this recording
in the future. This was successfully tested as a prototype in a selection of rooms. Each
participant could view their previous votes and entered room temperatures with access
protection using a web browser.

As many office buildings in Germany are heated via radiators and the air is exchanged
via manual window openings, targeted humidification and dehumidification or active
cooling of the room air, for example, as is possible with air conditioning systems, is not
possible or only possible to a very limited extent. This reduces the possibilities for local
technology in the office to influence the indoor climate parameters, which are included in
the calculation according to the Fanger PMV comfort model, for example. As this limits the
possibilities for influencing thermal comfort, a simplified specification of five instead of
seven possible levels (warmer, warm, neutral, cold, colder) was chosen for the ComfortLab
platform. This should further simplify everyday responses and further increase acceptance
and motivation for long-term participation among employees. In addition to stating their
temperature perception and the measured temperature, participants were able to enter
their days and times of attendance. This information can be used to estimate the occupancy
of the building and individual parts of the building and to incorporate the control of the
heating circuits. In this way, the data made it possible to optimise operational management
during working/operating times as well as during non-attendance times and provide
assistance with night and weekend heat supply reduction.

The display for the facility management, shown as an example in the right part of
Figure 3, was expanded to include an aggregation level at the heating circuit level as well as
the evaluation of inlet and return temperatures and energy consumption depending on the
outside temperature. This enabled the facility management team to view the reconciliations
for individual heating circuits, together with the entered room temperatures, and to make
the necessary adjustments to the system technology on this basis. The aggregation of the
individual offices into a heating circuit/line level enables an overall view of the system
parameters and recorded temperatures and comfort settings. For example, the temperature
level of all offices connected to a heating circuit can be recorded and evaluated. This
enables a targeted assessment of whether, for example, the overall temperature level in
the corresponding heating circuit is too low or whether there are any individual, local
problems in certain rooms. This represents a contrast to the classic approach, in which
individual complaints lead to the temperature level of the heat supply being raised at an
overall level (heating circuit or entire building) to eliminate individual complaints due to a
lack of alternative information.

3. Results

Following the presentation of the infrastructure and the use of the ComfortLab plat-
form, this section presents the key results from the comfort and indoor climate measure-
ments (Section 3.1) and the use of the ComfortLab platform as well as the temperature
perception (Section 3.2). Section 3.3 explains and classifies the effects on system oper-
ation and the resulting energy consumption. The results are then compared with the
findings from the final survey, in which the ComfortLab participants were asked about
their experiences following the test period (Section 3.4).
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3.1. Results of Comfort and Room Climate Measurements

As the parameters for the ComfortLab platform should be recorded with as little
effort as possible in order to enable as many employees as possible to participate, comfort
measurements were initially taken in a representative selection of offices, as described in
Section 2.1. Should fundamental problems arise, for example with draughts, this would
have to be considered in the research design and voting behaviour. Otherwise, the indoor
air temperature in the offices should form the basis for the survey as the dominant and
relatively easy-to-determine measured value in a large number of offices. As the offices were
largely unoccupied in 2021 and partly also in 2022 due to the ongoing COVID-19 pandemic
and the resulting predominant home office work of most employees, the measurements
represent the indoor climate situation without the effect of the presence of people (settings
on thermostats, ventilation processes, etc.) and the necessary temperature control of the
offices. In principle, a general lowering of the temperature level would have been possible
here, but definitely during non-working hours. The corresponding time periods are defined
as follows for all evaluations:

- Working days’ daytime operation: Monday to Friday from 7 a.m. to 6 p.m.
- Working days’ night setback: Monday to Friday from 6 p.m. to 7 a.m.
- Weekend operation: Saturday and Sunday all day.

Figure 4 shows the frequency distribution of the calculated operative temperature as
the mean value of the measured room temperature and the mean radiation temperature
from the comfort measurements of all rooms as hourly average values for the three time
periods. Statistical parameters from the operative temperature distribution are listed in
Table 1. Only values from days with average outdoor temperatures below 15 °C corre-
sponding to the heating limit of the building are considered. It can be seen that in daytime
operation (left diagram, olive green bars), in night-time operation (middle diagram, slate
grey bars) and on weekends (right diagram, dark magenta bars), the average operating
temperature on heating days is above 23 °C and also rises to up to 27 °C at times during
the night and on weekends.
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Figure 4. Probability distributions of the operative temperature (average of the measured air and
radiant temperature) during the different time periods.

Table 1. Statistical parameters of the operative temperature distribution.

Parameter Weekday Daytime Weekday Nighttime = Weekend
Minimum [°C] 17.44 15.45 18.10
Maximum [°C] 32.35 28.37 33.75
Mean [°C] 23.55 23.11 23.39
Median [°C] 23.44 23.20 23.26
Standard Deviation [°C] 1.82 1.70 2.00
Skewness 0.29 —0.55 0.21
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Accordingly, there should be no problems with the possible heating power provided
by the heating system. Even without real presence, the PMV value calculated from the
measured values and parameters (metabolic rate: 1.3 MET, clothing insulation: 0.9) allows
conclusions to be drawn about the comfort situation for different periods of time. Above all,
during the assumed non-working hours and the associated non-occupancy of the building,
the temperatures can be lowered considering a minimum building physics temperature.
Figure 5 visualises the PMV calculated from the measured values as well as the metabolic
rate and the clothing index for the three time periods, analogous to Figure 4. Statistical
parameters from the PMV distribution are listed in Table 2.
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Figure 5. Probability distributions of the calculated predicted mean vote during the different time
periods.

Table 2. Statistical parameters of the PMV distribution.

Parameter Weekday Daytime Weekday Nighttime  Weekend
Minimum —1.08 —1.56 —0.88
Maximum 1.71 1.22 1.89
Mean 0.28 0.18 0.23
Median 0.26 0.20 0.23
Standard Deviation 0.36 0.35 0.40
Skewness 0.16 —0.61 0.10

The red lines (—0.5 to 0.5) represent the range in which the PMV should be when
people are present. The comfort index changes only slightly within the different time
periods but is also in the rather high range at night and on weekends, sometimes even
in the “too warm” range. The few low PMV values are associated with individual cold
radiation temperatures but are the exception. Other comfort problems, such as draughts,
were not recorded by the measurements and should not have a significant negative impact
on comfort. To keep the survey for the ComfortLab test feasible in terms of cost and effort,
the room air temperature was therefore chosen as the decisive factor. As the office users
were already provided with desktop thermometers to record the room temperature and
sensitise them to heating and ventilation behaviour due to the 19-degree strategy specified
by the EnSikuMaV [26], these values could also be used pragmatically for the platform.

In addition to the short-term comfort measurements, the PIAF assistance system was
installed in almost 30 selected offices in Bonn and Berlin for the entire duration of the
test to record the long-term development of room temperatures and indoor air quality, at
least on a random basis, and to be able to assess the occupancy of the offices with a high
temporal resolution. PIAF records relevant room air parameters and uses acoustic and
visual signals to provide users with recommendations on correct ventilation behaviour.
The background and details are described in the publication on the previous project [8].
The recorded data on room air temperature and CO, content were used to gain further
insights into the occupancy density and room temperatures, as well as to estimate reduction
and savings potential. Figure 6 shows the average hourly indoor air temperature above
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the hourly maximum value of the carbon dioxide concentration for all offices in Bonn,
divided into the pre-test period (heating period 2021/2022: circle) and the ComfortLab
field test (heating period 2022/2023: cross). In the status before the ComfortLab platform
was used, relatively high room temperatures dominated during the entire heating period,
even when the building was not occupied. The evaluation of the comfort measurements,
which could only be collected for short periods of time due to the complex and cost-
intensive measurement setup, can thus be further validated with the PIAF measurements
accompanying the heating period.
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Figure 6. Room temperatures and carbon dioxide concentration for different time periods.

The evaluation of the measurements for selected periods and rooms shows that no
fundamental comfort problems are to be expected in the rooms. It should be possible to
reduce the temperatures to a significant extent, especially a much greater reduction during
non-occupancy periods. The possibility of reducing energy consumption by lowering the
heating system in residential and non-residential buildings and the practical application
have been examined in detail in other studies. In principle, the application in commercial
buildings is easier to realise due to the more regular use (often no occupancy on weekends
and regular occupancy during the day) compared to residential buildings [27,28].

3.2. ComfortLab Platform Results

The following section summarises the results of the use of the ComfortLab platform in
the pre-test in the 2021/2022 heating period and in the field test in the 2022 /2023 heating
period. The acceptance of the participants and the evaluation of the activity, the individual
adjustments to temperature perception and the effects on room temperatures and energy
consumption are explained.

The basic idea of the ComfortLab platform and the possible technical realisation was
tested in the pre-test in the 2021/2022 heating period with a small number of selected
participants (15 in Bonn and 11 in Berlin). An initial version of the platform was presented
to them and made available for use. The findings were discussed in a workshop with the
participants, and the feedback was used to adapt the platform and design for the field test
in winter 2022 /2023. This field test took place from 22 November 2022, to 31 March 2023,
in the two BMUYV buildings in Bonn and Berlin.

A total of 193 participants (111 in Bonn, 82 in Berlin) tested the platform and submitted
at least one vote and the corresponding room temperature measurement, with a total of
6509 votes cast (2823 in Berlin, 3686 in Bonn). As the offices in both properties were rather
sparsely occupied in both winters, the number of participants as a group of people present
can be considered very high. Of the total number of participants, 44 cast at least 50 votes,
70 cast at least 30 votes and 152 cast at least 10 votes during the survey period; a minimum
number of votes was considered in the respective evaluations.

To enable a comparison of the two heating periods, the tunings from the pre-test
of the first heating period (winter 2021/2022), in which there were no special regulatory
requirements for room heating, were compared with the tunings from the field test in the
second heating period. Figure 7 shows the change in the tuning in the two test winters.
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In winter 2021/22, the vote in Berlin (86%) and Bonn (70%) was predominantly neutral,
with the room temperatures measured by the participants at around 22 °C (the room
temperatures measured using existing sensors in new buildings in Berlin are more in the
region of 23 °C). The distribution of votes in the field test tended to shift slightly to the left
towards the cold range, although the fine vote still represents the most frequent vote in
both properties.

Location = Bonn Location = Berlin
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Relative frequency
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Figure 7. Comparison of the frequency of the perceived (bars, left y-axis) and measured (dotted line,
right y-axis) temperature for both heating periods (heating period 1: red, heating period 2: blue) for
both locations (Bonn: (left plot), Berlin: (right plot)).

However, it should be noted that in the status quo, the available heating capacity was
sufficient to dissipate heat even at cold outside temperatures, for example, by tilting the
windows, thus maintaining comfort in terms of temperature and air quality. The average
room temperature associated with the respective vote shows an expected correlation
between room temperature and perception but is below the temperatures in the pre-test for
the individual voting options in the winter field test and is more pronounced in Berlin than
in Bonn. The “warmer” votes in the second winter in Berlin came from one participant
who felt it was too warm even at just under 19 °C. This effect was not investigated further
as an individual opinion.

The evaluation of the feel-good temperature (corresponding to the measured tem-
perature with a vote of “fine”) for all participants in Figure 8 shows that there are large
individual differences, with the average measured temperatures ranging between 18 °C
and 23 °C. The higher temperatures come from the winter in the pre-test or offices in which,
for example, the solar radiation also allowed temperatures above 19 °C in the second winter,
corresponding to the limit set by the EnSikuMaV. Only offices in which at least 10 “fine”
votes were submitted are listed. While some participants (e.g., office 23, 56, 60) only cast a
“fine” vote for one temperature, for other participants (office 15, 86), up to a 3 °C difference
in room temperature is acceptable.
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Figure 8. Boxplot of the measured room temperatures for times with fine voting of all offices having
at least 5 fine votes coloured by different heating circuits.
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The comparison of the votes of the participants who took part in both the pre-test in
winter 2021/2022 and the pilot test in 2022 /2023 and who cast at least five “fine” votes in
Figure 9 shows that low temperatures were acceptable for most participants in the second
winter and the associated measured room temperature in the test winter was just under
1 °C lower than in the previous winter. There seems to be a corresponding willingness to
adapt to lower room temperatures by wearing warmer clothing, for example.
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Figure 9. Comparison of the measured room temperatures for participants of both heating periods
(heating period 1: red, heating period 2: blue) with a vote for ‘fine’.

With reference to the time of day or the day of the week and the temperature perceived
as fine, no significant differences can be identified. If the fine temperature is considered
for mornings or afternoons or for individual days of the week, there is only a very small
difference across locations. Within the heating periods, the difference between mornings
and afternoons is a maximum of around 0.2 °C at the two locations, and a comparison of
Monday mornings, for example (return to the office after the weekend), with other working
days also shows no significant differences. Therefore, the temperature perception in this
context does not appear to show any noticeable dependence on the time or day of the week.
A slight dependency on the outside temperature can be seen; at outside temperatures above
10 °C, the fine temperature is on average around 21 °C, whereas at outside temperatures
below 5 °C, it is closer to 20 °C.

3.3. Effects on System Operation and Energy Consumption

The winter of 2022/2023, during which the ComfortLab platform was field-tested,
was overshadowed by the Russian invasion of Ukraine. Due to the resulting tense situation
in the energy markets, the German government issued the EnSikuMaV to secure the energy
supply. This ordinance limited the heating of public buildings to 19 °C, although higher
room temperatures may also have occurred on heating days due to solar radiation, for
example. In the properties investigated, the inlet temperature in the heating circuits was
noticeably reduced to implement the regulation. The effects and changes in consumption
in the field test winter can therefore not be directly transferred to the settings made by the
ComfortLab platform. Nevertheless, the recorded data provide a revealing insight into
what temperature level is appropriate in the long term and what effects this has on energy
consumption. The passive house sector in Berlin is used as a reference for the development
of room temperatures, as networked room temperature sensors integrated into the building
automation system are installed in around 50 rooms there and high-resolution temperatures
from recent years are available.

Figure 10 shows that there were no or only very slight setback times and temperature
adjustments in the previous heating periods, regardless of the day of the week, as was al-
ready seen from the comfort and PIAF measurements in Bonn. For example, the evaluation
of the average temperatures on weekends shows that even in the heating periods (orange-
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coloured areas) on weekends, hardly any temperature reductions are recognisable, and
most room temperatures are above 22 °C, which were achieved by the necessary heating.
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Figure 10. Average room temperatures in the passive building in Berlin on weekends during different
heating periods.

In the 2022 /2023 heating period with the implementation of the 19-degree strategy, a
significant reduction in the temperature level can be seen, as shown in Figure 10. This also
applies analogously to night-time operation on weekdays and regular daytime operation.

This also results in a significant reduction in heating energy consumption. If the
weather-adjusted consumption is considered (Bonn: exclusive heat supply by district
heating, Berlin: supply of the property by district heating and additionally by means of
heat pumps for the passive house sector), this has fallen by 15% (Bonn) and 30% (Berlin)
compared to the weather-adjusted consumption of recent years. The weather-adjusted con-
sumption in previous years was relatively constant with fluctuations in the low single-digit
percentage range, so the reduction can be attributed to the reduction strategy implemented
with the EnSikuMaV.

To assess how the settings have affected the inlet temperatures, Figure 11 shows an
example of the development of the measured inlet temperatures from the heating curve
setting of a heating circuit (old building front house) in Berlin.

Heating period 1 Heating period 2 Heating period 3 Heating period 4

20 ; . . . . . . =y
-10 0 10 20 -10 0 10 20 -10 0 10 20 -10 0 10 20
Outside temperature [°C] Outside temperature [°C] Outside temperature [°C] Outside temperature [°C]

—— heating curve: Weekend —— heating curve: Weekday nighttime —— heating curve: Weekday daytime

Figure 11. Heating curves for different time periods in different heating seasons for one heating
circuit in the Berlin building.

If the design temperature is set at —10 °C and the heating limit at 15 °C, the following
settings result (Table 3) in the previous heating periods and in winter 2022 /2023 (field test).
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Table 3. Settings of heating curves.

Outside Temperature Operating Point Resulting Inlet Temperature
-10°C Daytime operation before 85°C

-10°C Daytime operation field test 65 °C

—-10°C Set-back operation before 65-75°C

-10°C Set-back operation field test 55°C

15°C Daytime operation before 40°C

15°C Daytime operation field test 30°C

15°C Set-back operation before 35°C

15°C Set-back operation field test 25°C

The values determined result in a gradient in daytime operation of around 1.8 (before)
or 1.4 (field test); i.e., the inlet temperature of the heating circuit increases by around
1.8 °C or 1.4 °C for every degree Celsius decrease in the outdoor temperature. At the
assumed heating limit of 15 °C average daily outdoor temperature, a reduction in the
inlet temperature of around 10 °C can be seen in daytime and setback mode. Overall,
therefore, both a reduction in the level and the steepness of the heating curve can be seen.
In addition to the reduction in useful energy consumption on the heat transfer side, this
also has the advantage of a better coefficient of performance and an associated reduction in
electricity demand resulting from lower inlet temperatures in the area supplied by heat
pumps. Reducing the inlet temperature in heating systems when using heat pumps is
therefore particularly advantageous from an energy point of view [29].

Due to the overlap between the implementation of the 19-degree strategy and the
ComfortLab field test, the reductions in consumption due to the two possible effects cannot
be directly separated. However, the evaluation of the data shows that a slight increase,
which would lead to average room temperatures of just under 20 °C, would already
bring about a significant improvement in the perception of temperature. Although this
would eliminate a small part of the reductions in consumption achieved, it could, on
the other hand, support acceptance of long-term temperature reductions to the necessary
minimum and achieve further significant reductions in heat consumption. Studies in
which room temperature reductions have been investigated estimate possible reductions in
consumption in the range of around 6% per degree reduction in room temperature during
the reduction period, although this depends on various parameters such as the building
physics, the heating system and the type of building use [30-32]. Based on this reference
value, a permanent reduction in daytime temperatures in the passive house sector in Berlin
from 23 °C to 20 °C would result in potential energy savings of 18% for the period; a further
reduction in temperatures on weekends and at night would also be of a similar magnitude
in relation to the room temperature values. Due to the parallel 19-degree strategy and the
ComfortLab field test, no explicit savings from the use of the platform are shown in this
paper. This will be made up for in future applications without the influence of side effects.
As the results of the final survey in the following section show, employees are willing to
participate in the ComfortLab and adaptation on a permanent basis.

3.4. Results from the Final Survey

Following the test phase of the field trial, participants were invited by email to take
part in a 10-min online survey to share their experiences and challenges with using the
ComfortLab platform. The survey was active from 5 to 17 May 2023, and 110 people (60%
Bonn; 40% Berlin) took part and completed the survey. The retrospective survey was
intended to re-evaluate the results of the field test and provide the opportunity to find out
about open issues that were not or not sufficiently addressed during the trial period.

Interestingly, in retrospect, almost 72% of respondents stated that the room temper-
ature was (much) too cold overall during the winter; see the left plot in Figure 12. This
is a significantly higher proportion than the detailed evaluation of the individual votes;
see Figure 7. Reasons for this may include the increased participation of non-satisfied
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respondents in the survey. In retrospect, the overall situation may also have been perceived
more negatively than the everyday situation, also in view of the fact that the room tem-
peratures did not change. Nevertheless, almost 57% of participants felt that the 19-degree
strategy was a fundamentally sensible measure to secure the energy supply, at least as a
short-term and limited measure; see the right plot in Figure 12. Many participants would
have liked a slight adjustment of the room temperature to 20 °C, for example, as can be
seen from the evaluations of the votes. This was not possible due to the fixed specification
of the 19-degree strategy. Around 45% of respondents were still able to adapt to the lower
temperatures by taking measures such as wearing warmer clothing.

(a) (b)
Looking back on last winter, how did you feel How useful did you find the 19°C target for
about the indoor climate/temperature in your securing the energy supply in Germany? (1= very
office most of the time? (1= Just right; 2= Much useful; 2= useful; 3= rather useful; 4= neutral;
too cold; 3= Rather too warm; 4= Rather too cold; 5= rather not useful; 6= not useful; 7= not useful
5= Much too warm) atall)

5 3

3.0

Figure 12. Answers to the questions of how the room temperatures were perceived last winter in
retrospect (a) and how useful the 19-degree strategy was to ensure the energy supply (b).

An important point when using the platform is the willingness of participants to take
part for a sufficiently long period of time. Almost 64% of participants stated that they did
not find participation disruptive in any way, and only just under 14% found participation
disruptive to their workflow in any form, as shown in the left plot in Figure 13. Over
72% could imagine participating for a long period of time in general, as shown in the
right plot in Figure 13. This underlines the participants’” willingness to play an active
role in optimising both the temperature settings in their own offices and the associated
optimisation of operational management and reduction in energy consumption.

(a) (b)
How disruptive did you find the e-mails in your Could you imagine using the ComfortLab platform
daily work routine? (1= very disruptive; 2= regularly in the future? (1= yes, very good; 2=
disruptive; 3= rather disruptive; 4= neutral; 5= yes, good; 3= yes, rather good; 4= neutral; 5= no,
rather not disruptive; 6= not disruptive; 7= not rather not; 6= no, not good; 7= no, not at all)

disruptive at all)

7.0
10 50 6.0

3.0

Figure 13. Answers to the question of whether the survey was disruptive to the work routine (a) and
whether the participants can imagine regular and long-term participation in ComfortLab in the future
(b).
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The acceptance of the users is underlined by the fact that almost 80% of those surveyed
stated that it is any kind important to them that their feedback on the indoor climate and
well-being is considered by the building services and incorporated into the operational
management, see the left plot in Figure 14. This goes hand in hand with the assessment of
the overwhelming number of participants (57%) that similar temperatures would also be
acceptable in the future; see the right plot in Figure 14. Many participants therefore require
at least a slight increase in temperatures instead of an inflexible, blanket requirement as
specified in the EnSikuMaV.

(a) (b)

How important is it to you that your feedback on Looking ahead to next winter, would similar room
the indoor climate (well-being) is perceived by temperatures of around 19°C be acceptable to you
the building services? (1= very important; 2= if this could significantly reduce energy
important; 3= rather important; 4= neutral; 5= consumption? (1= agree (strongly agree); 2=
rather not important; 6= not important; 7= not agree; 3= somewhat agree; 4= neutral; 5= somewhat

important at all) disagree; 6= disagree; 7= disagree (strongly

disagree))

5.07.0
6.0

6

3

Figure 14. (a) Answers to the questions about the extent to which participants feel that their feedback
on the indoor climate is taken into account in the management of the company (a) and the acceptance
of lower room temperatures in the long term (b).

Overall, it can be concluded from the survey that although the across-the-board
reduction has enabled significant savings to be made, this has come at the expense of the
satisfaction of a large proportion of the workforce. At the same time, employees are willing
to participate, even in the long term. As the 19 °C room temperature had to be implemented
as a blanket requirement during the field test winter, acceptance should be even higher if
the temperatures are adjusted in a targeted manner. All remaining survey questions and
the results are listed in Appendix A.

4. Discussion

In this paper, a platform was presented that combines an integration of the temperature
perception of office employees, technical parameters from the building automation system
and recommendations for settings on the heating system for the operating personnel.
This is intended to close the existing gap between the situation in offices (temperatures
and individual perceptions) and technical parameters (inlet and return temperatures of
heating circuits, energy consumption). The aim is to capture as broad a picture of the
employees’ opinions as possible so that individual opinions are not processed and the
technical operating staff can use the information for the iterative optimisation of operational
management.

Fundamental comfort problems (e.g., draughts) were not identified in the reference
building after exemplary sampling of the indoor air parameters and calculation of the PMV.
Based on this, the room temperature was determined as a representative and comprehensive
measured value for the ComfortLab platform. This was the first key question that we were
able to answer for the property as an example.

With reference to the indoor climate values recorded from various available sources
(PIAF measurements, comfort measurements, historical building management system data
from the passive house sector in Berlin), it became apparent that the system operation in
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the status quo was not operated from an energy efficiency perspective, but that maximum
comfort with high room temperatures was the requirement. Reduced operation, for exam-
ple at night or on weekends, could not be detected to any significant extent. The exemplary
measurement of indoor air quality as an indicator of building occupancy showed a rela-
tively low attendance rate due to the COVID-19 pandemic, and reduction potential was
also identified here. These results cover our second key question.

In an iterative process, the platform was implemented with displays for employees
(ComfortStripes) and facility management (ComfortHub). Based on the Warming Stripes,
which show the change in global temperature and were adapted to building measurement
values, employees were shown a simplified representation of their own room temperatures
and temperature perception over time. For facility management purposes, the individual
adjustments were aggregated to provide an overall view at the heating circuit level and
combined with system data (inlet temperatures, energy consumption, outside temperature).
With reference to our third key question, this goal was achieved in that customised solutions
were developed and tested for the two groups (office staff and facility management).

The field test in winter 2022/2023 met with great interest among employees and
attracted a three-digit number of employees to participate, with over 6000 votes collected.
The application shows that the ComfortLab platform can be used to record the individual
temperature perception of a large number of participants with little effort. The results,
overlaid by the 19-degree strategy specified in the EnSikuMaV, show that although a
general reduction in the temperature level can significantly reduce energy consumption,
this is accompanied in some cases by a significant deterioration in the thermal well-being of
employees. Although considerable weather-adjusted savings of up to 30% were achieved
in the example of the Berlin property, these are more of a short-term success. The 19-degree
strategy was a temporary measure in the wake of the energy crisis in 2022. It was no longer
implemented in the subsequent heating period 2023/2024, which is why it can be assumed
that the settings in many properties were raised to the previous level again. This goes
beyond the project duration and could therefore not be considered further. These findings
only partially answer our fourth key question. Due to the time overlap between the field
test and the mandatory implementation of the 19 °C strategy, the effect of temperature
reduction and energy savings cannot be completely separated. Further research is required
here, and a further field test without restriction to specific system settings is necessary.

The future development of the platform offers scope for some optimisations and
adjustments. In the current field test, the test subjects had to read and transmit the room
temperature independently. In addition to a certain susceptibility to error, this also only
allows a snapshot to be taken at the time of the assessment, without taking into account and
evaluating the development of the room temperature over time. Above all, this resolution
is not sufficient for evaluation during non-attendance times (evenings, weekends, vacation
periods). For this reason, communicative temperature sensors should be used that can
automatically transmit their data to the building automation system, for example, and
be integrated into the platform. Some of the rooms in the Berlin property in the passive
house sector already have these, and a prototype integration into the ComfortLab platform
was tested as part of the research project. In view of the requirements of the EPBD, the
automated recording of indoor air parameters will be mandatory in the future for new
buildings and refurbishments, so information on temperatures and air quality in rooms will
be included in the building for standardised data collection. On the other hand, manual
input by employees in the workflow can also increase engagement with and awareness of
the platform and heating and ventilation behaviour.

An existing challenge is greater interaction with facility management and evaluation
of the implementation of the strategies. Due to the 19-degree strategy, the ability of
the operating staff to influence and take into account the individual perceptions of the
participants when setting system parameters was greatly reduced. Therefore, the field
test had to be limited to the evaluation of theoretically possible and sensible reductions.
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In general, the feedback from facility management on the presentation and information
content was positive, and this is to be tested in more detail in the future.

The current approach of the ComfortLab platform provides an overview of the
recorded room temperatures and the comfort level, aggregated at the heating circuit level.
Although this makes it possible to intuitively adjust settings on the heating curve, the
plan is to automate this step in the future and to automate adjustments to the heating
characteristic curves for day, night and weekend operation by automatically evaluating the
settings and parameter changes. By integrating the various building automation protocols
with which the measured values are recorded, it is already possible to transfer setpoint
specifications to the building automation system.

Another way of using the data from the ComfortLab platform could be to recommend
the re-occupancy of offices based on the required comfort temperatures and the utilisation
of certain heating circuits. If, for example, offices connected to a heating circuit are only
very underutilised for certain days, it may make sense to lower these heating circuits
and motivate employees to move to free office space in other heating circuits. Due to
the very high home office rate in some cases, this will also be increasingly the case in
the future and open opportunities for lowering heating levels in parts of the building.
In [33], a reinforcement-learning-based system was tested that provides employees with
recommendations for action to reduce energy consumption. Among other things, a move
recommendation was tested in the field test, which recommends that employees move to
another office to reduce overall energy consumption. This could also be implemented in
the ComfortLab platform to divide heating circuits into different temperature levels.

These four possible further developments of the platform are to be pursued and tested
in future projects in the Living Lab approach, thus further strengthening the application of
the platform.
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Appendix A

Do you think that public buildings should act as
role models for energy efficiency?

No

Yes

Figure A1. Do you think that public buildings should act as role models for energy efficiency?
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For what reasons do you think public buildings
should act as role models? (1= To secure the
energy supply; 2= For ecological reasons; 3= For
economic reasons)

Figure A2. For what reasons do you think public buildings should act as role models?

How has the 19°C requirement affected your work
performance/productivity? (1= very positive; 2=
positive; 3= rather positive; 4= neutral; 5=
rather negative; 6= negative; 7= very negative)

7.01.0

Figure A3. How has the 19 °C requirement affected your work performance/productivity?

How has the 19°C requirement affected your general
mood? (1= very positive; 2= positive; 3= rather
positive; 4= neutral; 5= rather negative; 6=
negative; 7= very negative)

1.0

Figure A4. How has the 19 °C requirement affected your general mood?
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Compared to previous winters - has your
ventilation behavior changed? (1= No, | was
already ventilating mainly through tilt
ventilation beforehand; 2= Yes, short and regular
shock ventilation; 3= No, | already ventilated
briefly and regularly beforehand; 4= No, |
generally ventilate rarely/irregularly; 5= Yes,
less/less frequent ventilation than before; 6=
Yes, (occasional) tilt ventilation)

6 1

Figure A5. Compared to previous winters—has your ventilation behavior changed?

Where is your office located?

Berlin

Bonn

Figure A6. Where is your office located?

Which age group do you belong to?

16-388-25

Figure A7. Which age group do you belong to?
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Which gender do you belong to?

Divers

Male

Female

Figure A8. Which gender do you belong to?

Did you take part in the ComfortLab project e-mail
survey?

No.
Yes, but rather rarely.

Yes, every now and then.

Yes, regularly.

Figure A9. Did you take part in the ComfortLab project e-mail survey?

How well did you like the daily survey overall?
(1= very good; 2= good; 3= rather good; 4=
neutral; 5= rather not good; 6= not good; 7= not
good at all)

6.0 70

1.0

Figure A10. How well did you like the daily survey overall?
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Abstract

The integration of artificial intelligence (AI) into bioclimatic building design is reshaping
the architecture, engineering, and construction (AEC) industry by addressing critical chal-
lenges in sustainability and efficiency. By aligning structures with local climates, bioclimatic
design addresses global challenges such as energy consumption, urbanization, and climate
change. Complementing these principles, Al technologies—including machine learning,
digital twins, and generative algorithms—are revolutionizing the sector by optimizing
processes across the entire building lifecycle, from design and construction to operation
and maintenance. Amid the diverse array of Al-driven innovations, this research highlights
digital twin (DT) technologies as a key to Al-driven transformation, enabling real-time
monitoring, simulation, and optimization for sustainable design. Applications like facade
optimization, energy flow analysis, and predictive maintenance showcase their role in adap-
tive architecture, while frameworks like Construction 4.0 and 5.0 promote human-centric,
data-driven sustainability. By bridging Al with bioclimatic design, the findings contribute
to a vision of a built environment that seamlessly aligns environmental sustainability with
technological advancement and societal well-being, setting new standards for adaptive
and resilient architecture. Despite the immense potential, Al and DTs face challenges like
high computational demands, regulatory barriers, interoperability and skill gaps. Over-
coming these challenges will be crucial for maximizing the impact on sustainable building,
requiring ongoing research to ensure scalability, ethics, and accessibility.

Keywords: artificial intelligence; digital twin; bioclimatic building design; building
performance; internet of things (IoT); energy efficiency

1. Introduction

In recent years, the construction industry has undergone significant transformation,
driven by advances in both sustainable design and digital technologies. Bioclimatic design,
as a key aspect of sustainable building, optimizes natural resources such as solar radiation,
wind, and thermal regulation to enhance climate-responsive structures, minimize energy
consumption, and reduce environmental impact. The growing emphasis on sustainability is
being reinforced by the adoption of the Sustainable Development Goals (SDGs), with the con-
struction sector increasingly aligning its practices with green building standards, sustainable
materials, lifecycle assessments, and collaborative research efforts. This shift towards sustain-
ability is driving a more environmentally responsible and inclusive future, with stakeholders
throughout the industry working together to meet global sustainability targets.
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At the same time, the integration of artificial intelligence (Al), particularly through
machine learning (ML) and deep learning (DL), has revolutionized decision-making in the
construction sector. These technologies enable advanced decision support systems that
assist construction professionals by providing intelligent capabilities to enhance project
outcomes [1]. As industry faces the dual challenges of digitalization and sustainability, Al
has emerged as a powerful tool that can address both. The strategic application of Al across
the entire lifecycle of building projects—from design and construction to operation and
maintenance—presents unique opportunities to reduce inefficiencies and drive significant
improvements in performance [2].

Al plays a crucial role in optimizing building designs to improve energy efficiency
and reduce environmental impact. Through comprehensive data analysis and scenario
simulations, Al enables architects and engineers to make well-informed decisions that
align with rigorous green building standards. Beyond enhancing sustainability, Al is also
advancing construction materials and technologies, driving innovation and resilience in
structural design. The use of Al algorithms and machine learning techniques has led to
the development of novel materials that enhance the durability, safety, and efficiency of
buildings. These innovations not only promote sustainable construction practices but also
address the challenges posed by urbanization, climate change, and the evolving needs of
infrastructure development [3].

Despite the growing interest in AI and ML applications in construction engineering,
there is a notable research gap that requires attention. While some studies have explored
specific aspects of Al and ML within the industry, a comprehensive review that synthesizes
the various methodologies and examines their collective impact is still lacking [1].

This work aims to fill that gap by providing an in-depth analysis of the latest develop-
ments in Al and ML within the architecture, engineering and construction (AEC) industry,
as well as identifying potential areas for future research and improvement. By explor-
ing the intersection of Al and bioclimatic design, this work aims to provide insights into
how cutting-edge technologies can address environmental challenges, improve building
performance, and shape the future of sustainable architecture.

Methodology

To achieve the objectives of this work, a systematic literature review was conducted
using the PRISMA (preferred reporting items for systematic reviews and meta-analyses)
protocol, focusing on recent advancements in artificial intelligence and machine learn-
ing in the context of AEC and bioclimatic building design and their implications for
sustainable architecture.

The literature search was conducted primarily through the Sciencedirect platform
and, to a lesser extent, via ResearchGate. Articles were retrieved using targeted keywords
such as “bioclimatic building design”, “digital innovations”, “artificial intelligence”, “ar-
tificial intelligence in AEC”, “building performance modelling”, and “digital twins in
bioclimatic design”.

The initial literature search yielded 167 articles. These records were collected using
targeted keyword combinations and limited to publications not older than 2019. After
removing 96 articles based on publication date and language criteria, 71 records remained
for further screening. These were assessed against the primary inclusion and exclusion
criteria, which reduced the number of articles to 58. After applying secondary filters
including detailed evaluation of titles, abstracts, and keywords an additional 10 studies
were excluded. The exclusion criteria encompassed articles that were not peer-reviewed,
lacked direct relevance to the built environment, or fell outside the defined temporal or
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linguistic parameters. The final number of articles included for full review and analysis
was 47.

Each record was independently assessed by one reviewer, and in certain cases, Al-
generated summaries were utilized to facilitate efficient information extraction. The results
were compiled and verified collaboratively by the review team, following PRISMA guide-
lines to ensure transparency and replicability of the selection process. Figure 1 displays the
overview of the process of selecting papers.

Records identified from: | ——p | Records removed before screening:
Databases ( n=175) Duplicate records removed
(n=8)
A4
Records screened .| Records published before 2019
(n=167) were excluded (n = 96)
Full-text articles Reports not retrieved
assessed for eligibility > (n=13)
(n=71)
A4
Reports assessed for - Reports screened against the
eligibility (n = 58) secondary criteria (n = 10)

l

Studies included in

review (n = 47)

Figure 1. The PRISMA selection process of relevant literature.

2. Main Principles and Strategies of Bioclimatic Building Design

Bioclimatic design integrates climate-responsive principles into architecture, optimiz-
ing solar radiation, temperature, wind, and humidity in order to reduce energy consump-
tion. It aims to minimize dependence on artificial systems while ensuring environmental
integration. Precise climate analysis is essential for effective design, with tools like biocli-
matic diagrams aiding in visualizing climate-passive design relationships and informing
material selection and energy-efficient solutions (Figure 2) [4].

The core principles of bioclimatic building design, including thermal comfort, day-
lighting, and energy efficiency, align building design with local climate conditions, reduce
energy consumption, enhance comfort, and promote environmental and economic sustain-
ability, addressing global challenges like energy use and climate change [5].
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Figure 2. Example of psychrometric Building Bio-Climatic chart from Climate Consultant 6.0.

In the past decade, the building sector has drawn significant attention due to its
high energy consumption and carbon emissions, accounting for 35% of global energy use
and 38% of CO, emissions in 2019 [6]. Bioclimatic design helps mitigate climate change
by reducing reliance on non-renewable energy sources and minimizing emissions [7].
Incorporating locally available renewable resources further decreases dependence on large-
scale energy supplies. Case studies demonstrate that the integration of specific bioclimatic
strategies—such as Trombe walls (T1), ventilated facades (VB), and green roofs (GR)—into
residential buildings can yield substantial reductions in energy demand. For example,
simulations conducted with EnergyPlus in six climatically diverse locations worldwide
have reported energy savings of up to 60%, particularly in hot and cold climates where
Trombe walls effectively shield the building envelope from extreme external conditions [8].
Other studies provide evidence of the performance gains achievable through bioclimatic
design and Al-driven optimization in the AEC sector. For instance, Elaouzy & El Fadar
(2022) [5] reported that the adoption of key bioclimatic strategies across diverse climates
can reduce building energy consumption by as much as 58%, depending on strategies
and regional conditions. Adewale et al. (2024) [2] summarized findings on Al Applied
across the building lifecycle, showing that Al applications can reduce material waste by
as much as 40% and machine learning can reduce energy consumption by as much as
30%. At the design stage, Elwy & Hagishima (2024) [9] demonstrated that surrogate
models integrated with BIM and Al maintained comparable accuracy in evaluating energy
performance allowing for a dramatic reduction in computation time (by a factor 10 to 20).
Shahinmoghadam et al. (2021) [10] presented an example of BIM- and IoT-based virtual
reality tool capable of delivering real-time thermal comfort assessments, validating the
operational benefits of Al-enhanced digital environments.

This approach should be applied not only to new buildings but also as a key compo-
nent of renovation strategies, as outlined in the Revised Energy Performance of Buildings
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Directive (EPBD) approved in March 2024 [11]. The directive introduces tools like the
renovation passport, offering a roadmap for phased renovations, helping property owners

and investors plan interventions [12].

The implementation of bioclimatic principles varies depending on the local climate,

building type, and geographical location (Figure 3) [12].

C

. Solar Chimney
. Trombe/Sun Walls

. Inertial Elements
Atria

Natural Ventilation
Green surfaces

. Earth Tubes

8 . Sunspaces

I R

7

Figure 3. Graphic schemes of bioclimatic design strategies [12].

However, the main strategies are broadly applicable in different contexts, as follows.

Natural Ventilation: Conventional passive cooling strategies, such as shading transpar-
ent surfaces and employing cross-ventilation and stack ventilation, facilitate natural
cooling and enhance indoor air quality [4,13,14].

Passive Solar Heating: Optimizing orientation, window placement, and building
rotation maximizes winter solar gain, enhances ventilation, balances daylight, and
leverages thermal mass for heat storage [7,8].

Shading and Solar Control: In warm climates, passive shading devices—such as
overhangs, louvers, and pergolas-along with vegetative solutions like green walls, are
employed to reduce excessive solar exposure and mitigate overheating [15].

Thermal Insulation: Effective insulation, reflective materials, and high-performance
windows, significantly reduce heat transfer—lowering energy consumption by up to
60% and ensuring thermal stability [8].

Green Roofs and Walls: Vegetation integrated into building designs provide insulation,
reduce energy use, mitigate urban heat island effects, and improve biodiversity [7,16].
Rainwater Harvesting and Greywater Recycling: Rainwater harvesting, greywater
recycling, and water features reduce potable water use and contribute to passive
cooling [13].

Integration of Smart and Renewable Technologies: The adoption of on-site renewable
energy generation (e.g., photovoltaic panels), local energy storage systems, and in-
telligent building automation enhances energy autonomy, operational efficiency, and
environmental performance [17,18].

3. Artificial Intelligence Evolution, Techniques and Application in AEC

Artificial intelligence (Al) is a subdiscipline of computer science focused on the de-

velopment of systems that are capable of simulating human cognitive processes, such as

perception, reasoning, problem-solving, natural language understanding, decision-making

and learning from experience. The fundamental principles of Al center on the capacity
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of machines to replicate or enhance human cognitive functions, encompassing autonomy,
learning, reasoning, problem-solving, and adaptation.

The origins of Al date back to the mid-20th century, marked by the Turing Test and
the Dartmouth Conference, where the field was formally established [19,20]. Early research
focused on symbolic reasoning and rule-based systems but was limited by computational
constraints. In the late 20th century, the focus shifted toward machine learning and neural
networks, laying the groundwork for deep learning. In the 21st century, growing computa-
tional power and the availability of big data have enabled major breakthroughs in pattern
recognition, natural language processing, and computer vision. Recent advancements in
reinforcement learning and generative models, such as Generative Adversarial Networks
(GANS), have further expanded Al’s capabilities. Its integration with big data, cloud
computing, and the Internet of Things (IoT) has expanded its application areas. Moreover,
Al-specific hardware like Graphic Processing Units (GPU) and Tensor Processing Units
(TPU) has accelerated Al training and inference [20].

Contemporary research emphasizes explainable Al (XAI) for model transparency,
ethical considerations, and applications in healthcare, robotics, and autonomous systems,
shaping the future of intelligent technologies [21].

This growing focus on responsible and transparent Al aligns with broader trends
in the field, as highlighted by the Al Index Report 2024. The report shows a rapid rise
in open-source Al research, with projects on GitHub 3.10 growing from 845 in 2011 to
1.8 million in 2023—a 59.3% increase in 2023 alone—demonstrating both the accelerating
pace of innovation and the importance of collaborative development [22].

In parallel with technological progress, ethical considerations and governance frame-
works are becoming central to Al deployment. The EU has taken a leading role by in-
troducing regulations for “trustworthy Al” combining legal, ethical, and technical stan-
dards [23,24]. These guidelines define seven key requirements: human oversight, safety,
privacy, transparency, fairness, societal well-being, and accountability (Figure 4) [23]. This
risk-based regulatory model is central to the EU Al Act, ensuring responsible Al develop-
ment and use [25].

Trustworthy
Artificial Intelligence

Human agency | Technical | Privacy and data /' Transparency /’ Diversity, / ' sodetal and Accnunmbllw "
and ght | b I e / non-discrimina- enwn:mmrnml
@ ’ and safaty n | g @ /N tion & fairness wnllbnml
T { ’ | P, |
\. 20 !

-.

, 135’
'fw\ @O E _\ ©®© ﬂi%

Figure 4. Pillars and requirements of trustworthy AI [23].

3.1. Artificial Intelligence Techniques

Al can be based on several different techniques, depending on the application and
the problem being solved. Some of the most commonly used techniques in Al are based
on machine learning and deep learning (Figure 5) visually illustrate relationship and the
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distinction between machine learning and deep learning in terms of feature extraction
and learning.

Reinforced

Unsupervised Supervised

Machine
Learning

Artificial s Intelligence

Deep
Learning

Discriminative Generative

Figure 5. Al Taxonomy.

3.1.1. Machine Learning (ML)

This is the backbone of most Al applications. ML involves training algorithms to
recognize patterns in data and make predictions based on that data, without being explicitly
programmed for specific tasks. ML techniques allow computers to recognize patterns, make
predictions, and perform decision-making tasks based on historical data. There are three
primary types of machine learning:

e  Supervised Learning: The model is trained using labeled data (input-output pairs),
where the desired output is known. The model learns to map inputs to correct out-
puts. This branch of ML includes methods like Linear Regression, Bayesian network,
K-nearest neighbors (kNN), Decision Tree, etc.

e  Unsupervised Learning: The model is trained using unlabeled data, meaning the
system must identify patterns or groupings on its own. The algorithm must find
structure or patterns in the input data without guidance. The main goal of unsuper-
vised learning is to explore the data and extract useful insights. This includes Fuzzy
C Means, Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH)
and K-Means.

e  Reinforcement Learning: The system learns by interacting with its environment and
receiving feedback in the form of rewards or penalties, optimizing its behavior over
time: Q-Learning, Markov decision process [26].

3.1.2. Deep Learning (DL)

Being a subset of machine learning, deep learning uses multi-layered neural networks
to model complex patterns in data. These networks are inspired by the human brain’s
structure and are capable of handling vast amounts of data and performing complex tasks
like image recognition, speech processing, and natural language understanding. Deep
learning has achieved remarkable success in fields such as autonomous driving, medical
image analysis, and Natural Language Processing (NLP) due to its ability to automatically
learn features from raw data without needing explicit programming or feature engineering.

Artificial Neural Networks (ANNs) composed of layers of neurons that work together
to process input data and produce output predictions. Each neuron in a layer is connected
to several neurons in the previous and next layers, creating a network of computational
units [27].

e  Discriminative (Supervised) models: focus on learning the boundary between different
classes in a dataset, rather than modeling data distribution. These supervised deep

168



Energies 2025, 18, 5230

models typically estimate class probabilities from observable data, enabling accurate
classification. In simple terms, discriminative models learn to distinguish between
different categories or labels by focusing on the differences in the corresponding
data. Common models include Multi-Layer Perceptron (MLP), Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNN), and their variations. The most
powerful class of this type is CNNs, which are extensively used across a range of tasks,
such as object detection, speech recognition, computer vision, image classification,
and bioinformatics by learning hierarchical features from raw data.

e  Generative (Unsupervised) models: The primary objective of generative models (GMs)
is to produce data resembling real-world distributions. Despite ongoing research
challenges, recent advancements have expanded their applications, particularly in
computer vision research. GMs utilize training data from an unknown data-generating
distribution to create new samples that match the original distribution. Key models
include Auto-Encoder, Generative Adversarial Network (GAN), Restricted Boltzmann
Machine (RBM), and Deep Belief Network (DBN) [28].

Artificial intelligence is a rapidly evolving field that allows machines to perform
tasks that were traditionally thought to require human intelligence. By leveraging tech-
niques like machine learning, deep learning, natural language processing, and computer
vision, Al systems can analyze vast amounts of data, learn from it, and make decisions or
predictions autonomously.

Today, Al systems are transforming industries ranging from healthcare to finance, man-
ufacturing, and even architecture, playing a pivotal role in driving Industry 5.0 and Society
5.0-concepts that emphasize the integration of human intelligence, Al, and other emerging
technologies for a sustainable future [29]. Its impact spans multiple sectors, including
Architecture, Engenieering and Construction (AEC) and Natural Hazards Engineering
(NHE) [30,31].

4. Al in Bioclimatic Building Design

The application of Al in the AEC sector has evolved significantly over the past few
decades from early automated design tools like Computer-Aided Design (CAD) to ad-
vanced generative algorithms and sustainable design solutions. In 1976, Cedric Price
developed the concept of the “Generator”—a vision of Al-driven architecture, followed by
Soddu’s artificial DNA model for medieval cities in 1987 [27,32]. By the 2000s, Al integrated
data-driven decision-making to enhance energy efficiency, resource management and waste
reduction. Innovations like genetic algorithms for ecological design and optimization tools
such as GENE-ARCH and OPTIMUS have advanced sustainable architecture [32]. Today,
Al alongside big data and cloud computing, is crucial for smart cities and green building
solutions, optimizing environmental performance in real time.

4.1. Al, Sustainable Building Design, and Construction 4.0 and 5.0

The construction industry is undergoing a major transformation driven by digitaliza-
tion and Al Construction 4.0 signifies a profound shift within the industry, characterized
by the fusion of digital technologies and data-driven solutions, including the widespread
adoption of Internet of Things (IoT) devices, Artificial intelligence, robotics, 3D printing,
and Building Information Modeling (BIM), which collectively work to optimize processes,
reduce costs, and improve building performance. While Construction 4.0 focuses on digital
integration and automation, Construction (Industry) 5.0 advances by prioritizing sustain-
ability, environmental stewardship, principles of a circular economy and human needs and
well-being (Figure 6) [29,33].
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Figure 6. Focus and main priorities of the concept of Construction (Industry) 5.0 [29,33].

Al enhances bioclimatic design by automating analysis, predicting performance, and
optimizing energy efficiency. Its potential extends to generative design, automation, pre-
dictive maintenance, and lifecycle optimization, addressing inefficiencies and reducing
environmental impact. The industry faces challenges like excessive material waste (11—
15%) and high energy consumption, with buildings accounting for 28% of U.S. commercial
energy use and 41.1% in China. Al-driven solutions offer a path toward more sustainable,
resource-efficient construction [2].

4.2. Recent Al Techniques and Combination Technologies in AEC

The integration of Al in the AEC industry, particularly in sustainable and bioclimatic
design, is advancing rapidly. Al enhances sustainability by optimizing energy efficiency,
reducing environmental impact, and improving building performance. Its integration
with conventional modeling, simulation, and analytics significantly enhances all phases of
building design, construction, and operation (Table 1) [2].

Table 1. Al-driven technologies in AEC sector.

Building Design Construction Operation
Bie Data Intelligent Decision Support Building Performance
& Systems (DSS) Monitoring (BPM)
. . Radio-Frequency Identification i .

Generative design (RFID) Predictive Analytics
Surrogate Modeling Computer Vision Systems Structural I—(Iglailllt\}/})Momtormg
Augmented Reality Iot Devices Smart Building Systems

Virtual Reality Construction Robots

4.2.1. Building Design

At the building design stage, advancements in artificial intelligence provide excep-
tional opportunities to optimize sustainability objectives across a range of architectural
and engineering parameters. Early-stage Al integration enhances decision-making, acceler-
ates design processes, and improves energy efficiency to meet regulatory and cost-saving
demands. Techniques such as Knowledge-Based Engineering (KBE), fuzzy logic, neural
networks, and genetic algorithms are widely applied in AEC design [34]. Late 20th-century
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research explored design and morphogenesis, inspiring complex and unconventional
forms. Contemporary studies, however, prioritize refining and optimizing existing designs,
particularly through the optimization of their shapes [32].

Big Data is transforming architecture by providing architects with vast amounts of
information, such as climate patterns, energy use, user behavior, and material performance.
This enables data-driven design decisions, balancing esthetics, functionality, and sustain-
ability. For example, data-driven simulations optimize natural light, reducing reliance on
artificial lighting, while its use in parametric design allows architects to generate numerous
design variations through algorithms. Analyzing material, cost, and environmental impact
data refines designs, minimizes waste, and promotes sustainability [29].

Meanwhile, Generative Design—Al-driven generative design algorithms, or Genera-
tive Adversarial Network (GAN)—have become integral in the design process, allowing
architects and engineers to explore vast numbers of design alternatives based on specific
goals (e.g., energy efficiency, structural integrity, material optimization). GANs are applied
to optimize building forms, orientations, and window placements to maximize passive
heating in winter or minimize solar heat gain in summer, considering local weather pat-
terns. Using the Generator-Discriminator principle, Al autonomously generates options,
which are then evaluated and refined [27].

Recent studies highlight the effectiveness of surrogate modeling in optimizing low-
energy building design. Surrogate models (SMs) mimic high-fidelity physics-based models
by statistically correlating input (design variables) and output (performance targets) data
from a sample within the design space. This research underscores the potential advantages
of machine learning methods, including ANNSs, in handling computationally demanding
tasks like building design optimization. Surrogate-assisted building performance optimiza-
tion models are used to optimize energy performance by improving systems such as HVAC,
lighting, and insulation, reducing overall energy consumption. Additionally, surrogate
models optimize building shape and layout, enhancing natural lighting, ventilation, and
thermal comfort while reducing energy waste, using eco-friendly materials, and improving
energy efficiency throughout the building’s lifecycle [9].

In addition, Augmented Reality (AR) and Virtual Reality (VR) technologies enhance
collaboration, enabling stakeholders to virtually walk-through buildings before they are
constructed, adding design modifications and approvals more efficient and accurate [29].

4.2.2. Construction

The construction industry plays a crucial role in global economic development, with
an estimated annual value surpassing $10 trillion. However, it often faces challenges such
as high costs, project delays, and safety concerns with average cost overruns of 80% leading
to significant financial consequences [1]. Al integration with traditional construction
techniques, can optimize workflows, streamline processes, and ensure higher-quality
construction outcomes.

Intelligent Decision Support Systems (DSS) utilize a vast amount of historical data,
real-time information, and predictive analytics to provide accurate insights and recommen-
dations. By automating repetitive tasks, optimizing resource allocation, and identifying
potential risks, DSS help decision-makers improve project outcomes, boost productivity,
and reduce costs [1].

Al algorithms optimize resource utilization, including materials, labor, and equipment,
by processing real-time data from Radio-Frequency Identification (RFID) tags and sensors
attached to shipments, ensuring timely delivery, reducing losses, and lowering inventory
costs [29]. These systems are capable of dynamically adjusting construction schedules and
resource allocations in response to variables such as weather conditions, material availabil-
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ity, or workforce productivity, thereby enhancing operational efficiency and minimizing
resource waste. Furthermore, Al-powered computer vision systems conduct real-time
inspections of construction materials and components, detecting defects and ensuring
compliance with quality standards [3].

Construction sites are inherently complex and hazardous environments. Integration of
IoT devices such as wearables, drones, and sensors facilitate real-time monitoring of both
worker activities and site conditions. Wearable devices track workers” movements and vital
signs, providing safety alerts in the event of accidents, while drones conduct aerial surveys
and assess progress, improving project management and decision-making [29]. These
systems can trigger alerts or automatically shut down operations in hazardous situations,
enhancing safety on the site [3].

Another revolutionary application of Al is the deployment of construction robots,
which are capable of performing tasks such as bricklaying, concrete pouring, and 3D
printing, improving speed, precision, and reducing reliance on manual labor [29].

4.2.3. Operation

Al integration with IoT and Big Data during the operational phase of bioclimatic
design enhances building efficiency and sustainability by continuously monitoring and
optimizing performance based on real-time data.

Building Performance Monitoring (BPM) algorithms analyze real-time data from
sensors integrated into building systems to detect patterns in energy use and environmental
conditions. By processing this data, machine learning algorithms can automatically adjust
settings for HVAC systems, lighting, and other equipment, enhancing efficiency while
maintaining occupant comfort [2].

Predictive analytics, another subset of Al, revolutionizes maintenance practices by
forecasting equipment failures based on variables such as temperature, vibration, and
usage patterns, enabling proactive maintenance, minimizing downtime and reducing costly
repairs [3]. Structural Health Monitoring (SHM) utilizes IoT sensors to assess the integrity
of buildings, bridges, and infrastructure by tracking vibrations, deformation, and stress.
Real-time data analysis enables early detection of damage, ensuring timely maintenance,
preventing severe failures and ensuring both occupant safety and structural longevity.
Additionally, IoT-driven systems optimize resource use, monitor emissions, and support
compliance with environmental regulations, promoting sustainable construction [29].

Al-driven machine learning and predictive analytics improve forecasting, mainte-
nance, and performance optimization for renewable energy systems, reducing costs and
enhancing efficiency. By analyzing large datasets, Al predicts energy outputs, assists in
project planning, and identifies optimal locations for renewable infrastructure [35].

Smart building systems leverage Al to enhance occupant comfort and productivity
through personalized environmental control, using sensors and real-time adjustments [2].
Additionally, Al-driven urban planning analyzes infrastructure, transportation, and public
services to create inclusive, accessible cities. Smart sensors and algorithms optimize traffic
flow, reducing congestion and improving mobility [29].

A comparative synthesis of the most recurrent Al tools, their application stages,
corresponding performance metrics, reported impacts and evidence levels is provided in
Table 2, offering an integrated view of how digital intelligence is currently quantified across
the building lifecycle.
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Table 2. Comparative summary of Al techniques, their mechanisms and measurable impacts on

building performance and sustainability (references).

Typical Measurable

Al Technique Lifecycle Stage (Phase) Metrics Impacts Mechanism Observed/Reported Impacts Evidence Level
Energy use Aggregates climate, Energy demand reductions up to
. B . (kWh/m? year), usage, material and 15-25% through climate-responsive . ~
Blg. Data/ Data Demgp/ daylighting, embodied sensor data for layouts and daylightin Rev1ew/ Meta
driven design Operation yhghting 4 yhghting analysis
& P carbon, waste reduction  parametric/simulation- optimization; waste reduction y
(%) driven choices. ~10-15% in case studies [2,29].
. 30%
Generative Annual energy %, solar ~ Generates multiple icrisiss:rﬁ;:}ilr? ‘cllvazqi 3l(1)ti/n ;
design (GANS, . . Y /o ¢ ) pe \prove ndaylighting, Simulation/Case
. Design gain, WWR, material alternatives constrained orientation optimization reduced
paremetric b £ 1 heati line load b t0 22% study
search) use y performance goals. [ 26; 71{;% ]/ cooling load by up to 22%
Surogate Optimization time, . Reduced simulation time by 70-90%
- . ML surrogates replicate - e o . .
modeling/surrogate- Desien predicted energy use, hysics-based models at while maintaining <5% error; HVAC ~ Simulation/Case
assisted & thermal comfort {’ov?ller cost energy savings potential 12-18% study
optimization (PMV/PPD) ’ [9,16].
. Encodes expert
KBW, fuzzy logic, Multi-objective scores, heuristics and Reported 15-20% faster design
genetic : . . X . . : . . .
aloorithms and Design iteration time, evolutionary cycles, compliance with ener; Review /Simulation
80 sa compliance rate optimization for codes improved by >10% [26,34].
neural networks p P P y
tradeoffs.
. RFI count, stakeholder Enables immersive Reduced design change orders b, Simulation/Case
Design/ & & y
AR/VR Constr lij'c tion approval time, design review and ~20%; decision-making time cut by study; some empirical
coordination errors collaboration. 30-40% in pilot projects [10,29]. pilots
Decision Support Ie . Cost overrun %, delay Uses predictive analytics  Case studies rep"rf up to 1% cost Simulation/Case
S onstruction o . to optimize resource savings and 10-12% reduction in
ystems (DSS) %, resource efficiency allocation project delays [1,29] study
Radio-Frequency Tracks . o .
Identification . Inventory loss %, waste, — materials/equipment, Field tests shpw 8_12/0 material .. .
Construction . waste reduction and improved Empirical /Field
(RFID) and IoT delivery lateness prevents losses, supports . S
o . inventory accuracy >95% [29,36].
(logistics) circular flows.
Compute Vision Defect detection rate, Automated defect and Achieved >90% defect detection
systems Construction/Operation  rework %, safety safety compliance accuracy; reduced manual inspection ~ Empirical /Field
(inspection) incidents detection. time by 40-50% [3,29].
Construction ) }l:roductwltdy, labor . Automates Incrcvlease_d‘brlliklaymg/ 3D prln(’;mg | N
fobots/automation Construction ours saved, materia repetitive/manual tasks. productivity by 2-3 x; waste reduce Empirical/Fie
tolerance, waste % by 15-20% [29].
Building e o
rafomnee freusopeok o Rl e 1025
Modelling and Operation demand, IEQ, occupant . op 8y 8/ Empirical/Field
Smart Buildin satisfaction system adjustments. improved occupant comfort (PMV
Systems & closer to neutral) [2,35].
1 0,
- MTBE downtime, Forecasts failures and Case St.Udl.e s report 30-40% .
Predictive o . . . reduction in unplanned downtime, .. .
. peration maintenance savings, renewable output for . Empirical /Field
Analytics forecast error proactive planning renewable forecasting error reduced
’ to <10% RMSE [3,35].
Structural Helth Continuous sensine and Detected structural anomalies weeks
Monitoring Operation/ Asset Damage detection time, digital fwin anal sigs for earlier than manual inspection; Empirical /Field
(SHM)/Digital management RUL accuracy, alerts ea%l anomal df}zltection improved RUL prediction accuracy (pilots); Review
Twins Y Y " by20-25%[37,38].

5. AI-Driven Digital Twins
Digital twin (DT) was initially implemented in NASA’s Apollo program in 2010, and

since then, its use has expanded across various industries, including manufacturing, avia-

tion, defense, and healthcare, enhancing automation and efficiency [37]. The convergence

of artificial intelligence with digital twin technologies has sparked growing interest in their

potential applications within the AEC sector. While digital twins offer a virtual replica

of physical assets—such as buildings, infrastructure, or entire urban environments—the

integration of Al enhances their functionality, rendering them more dynamic, predictive,

and adaptive in response to real-time data and evolving conditions. The potential of a

human-centric digital twin (DT) approach is envisioned to create adaptive, data-driven

built environments that interact dynamically with users, facilitating more dynamic and

personalized interactions. Its ecosystem consists of three core elements: the physical

environment, its digital replica, and the system managing their interaction [38].
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Modeling technologies create a virtual model that reflects the physical environment’s

parameters, such as structure, functionality, location, and performance, While IoT technolo-

gies enable bi-directional data exchange via communication protocols. High-volume, multi-

source data is stored, integrated, and analyzed using advanced analytics, then presented to

users through interactive visualizations supported by visualization technologies [37].

5.1.

Digital Twin System Architecture

The digital twin system is conceptualized in five development layers: data acquisition,

data transmission, digital modeling, data/model integration, and service.

1.

Data Acquisition: This layer collects dynamic data from the physical environment
through IoT sensors that detect changes in physical, chemical, and electrical proper-
ties of the surroundings (temperature, humidity, gas concentrations, light intensity,
motion, etc.), producing an electrical output in response. Input from various sensors
can be collected by the more advanced control systems like Supervisory Control and
Data Acquisition (SCADA) system for HVAC plants, Direct Digital Control (DDC)
system, etc. These technologies include ultrasonic and gyroscopic sensors, which are
used to detect clashes, track machinery locations, and ensure accurate placement of re-
sources on construction sites. While building surveillance systems with video streams
detect pedestrians and measure environmental conditions like ambient brightness
and surface temperatures using thermal imaging modules [37].

Data Transmission: Raw data from the data acquisition layer is transmitted to other
system components via wired or wireless technologies (Wi-Fi, Bluetooth, WLAN and
Ultra-Wideband (UWB)), following communication protocols like Message Queu-
ing Telemetry Transport (MQTT) or Hypertext Transfer Protocol (HTTP). Building
Management Systems (BMS) use the internet and Building Automation and Control
Networks (BACnet) protocols for data communication between devices and sensors.
Additionally, platforms like SophyAl and Gazebo-ROS are utilized for visualizing
and processing sensor data [37].

Digital Modeling: Virtual models of the physical environment are created using
technologies like laser scanning, photogrammetry, and software tools (Autodesk Revit,
Navisworks, Solidworks, etc.) to capture and represent parameters such as geometry,
functionality, location, and performance. Additionally, game development software
like Unity 3D is employed for creating interactive 3D models, avatars, and virtual
environments (e.g., Virtual Reality setups with Oculus devices by Meta Platforms,
Inc., Menlo Park, CA, USA) [9,35]. Specifically, Autodesk defines five levels of digital
twins in the AEC sector, each with a distinct function: Descriptive, Informative,
Predictive, Comprehensive and Autonomous. Currently, most DT applications are
at Level 2 (Informative Twin), with some moving toward Level 3 (Predictive Twin)
(Figure 7) [38].

Mesh Digital

Peaiily model replica

Figure 7. Primary data processing: Mesh model, textured model.

4.

Data/Model Integration: Multi-source, high-volume data is stored in cloud platforms
like Google Cloud Microsoft Azure and Amazon Web service (AWS). Some systems
also use mirrored databases to store data from existing building systems like BMS.
Data fusion techniques integrate various data types (e.g., sensor, mechanical, and
image/video data) into a unified digital twin model, often utilizing customized
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Application Programming Interfaces (APIs). Platforms like Autodesk Revit, Unity
3D, and Midas Gen are used for this integration, enabling real-time updates and
the fusion of multi-form data into BIM or other virtual environments. Advanced Al
technologies process this data for insights and predictive analysis. The processed
data then is visualized in digital twin systems through various software platforms,
primarily 3D modeling tools like Autodesk Revit, Autodesk Navisworks, Unity 3D,
Virtual and Augmented Reality [37].

5. Service: Represents the range of services it provides to users, and these services
vary depending on the specific application context. It enables real-time monitoring,
predictive analytics, early issue detection, and data visualization, supporting decision-
making and operational efficiency. It tracks structural assets, construction activities,
and environmental conditions (e.g., temperature, energy consumption, occupancy)
while identifying faults in building systems, forecasting failures, and triggering alarms
for anomalies. Additionally, digital twins facilitate scenario simulations, robotic
control, and smart home management [37].

These layers work together to provide a comprehensive view of the physical and
virtual systems in real-time, allowing stakeholders to monitor, analyze, and make data-
driven decisions in the built environment.

5.2. The Role of Digital Twins in Bioclimatic Design

The advent of digital twin technologies has revolutionized the approach to building
design, construction, and urban planning, particularly in the context of bioclimatic de-
sign. By using digital twins, designers and engineers can create precise virtual models of
buildings or urban areas that integrate real-time environmental data, sensor feedback, and
predictive simulations. This technology facilitates continuous performance monitoring
and optimization, ensuring adaptive responses to climatic conditions. By linking physical
assets with virtual counterparts, digital twins incorporate Building Information Modeling,
IoT, and sensor networks to implement climate-responsive features such as solar shading,
natural ventilation, and energy-efficient building envelopes. Real-time sensor data on
indoor and outdoor conditions supports adaptive design modifications, reducing energy
consumption and enhancing occupant comfort [10,37].

An increasing interest in optimizing building envelope systems to reduce energy
consumption and enhance occupant comfort, driving research into advanced technologies.
For example, a data-driven approach to the digital twinning and optimization of a naturally
ventilated solar facades with phase-changing materials (PCMs) and double-fagade systems
integrated with active air conditioning system scan improve thermal performance, energy
efficiency of buildings and offer a viable solution for low-income communities facing
challenges related to energy costs and indoor air quality. The role of digital twins in
monitoring, analyzing, and optimizing the facade system’s behavior in real-time under
various climate scenarios, providing valuable insights for sustainable building design and
reducing energy demand, particularly for low-income communities [36,39].

Monitoring indoor thermal comfort has also gained increasing attention as it plays a
key role in optimizing building energy use while maintaining desired indoor conditions.
Recent advances integrate BIM, IoT, and immersive VR to provide real-time, interactive
visualizations of comfort indicators such as Predicted Mean Vote (PMV) and Predicted
Percentage of Dissatisfied (PPD). These systems allow users to navigate virtual building
models, access live sensor data, and adjust parameters like metabolic rate or clothing
insulation to simulate various scenarios, enabling more intuitive and efficient comfort
assessment [10].
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In urban environments, digital twins are being explored in the multi-energy system
digitalization. By integrating data from IoT sensors, building management systems, and
grid infrastructure, DTs provide a dynamic and accurate virtual representation of the
physical energy systems, enabling stakeholders to model, simulate, and analyze energy
flows and system behavior. By modeling and analyzing energy flows, cities can optimize
the integration of renewable sources like solar, wind, and geothermal, reducing reliance on
non-renewable energy and enhancing sustainability [40].

Al-driven digital twins also can play a crucial role in stormwater management, ad-
dressing urbanization and climate change challenges. Using machine learning, they process
vast datasets from sensors, weather forecasts, and monitoring systems to simulate stormwa-
ter behavior, predict flooding, and optimize drainage performance, reducing the need for
costly infrastructure upgrades [41,42]. By integrating real-time sensor data with hydraulic
models, digital twins enhance stormwater depth estimation, improve near-term forecasts,
and detect sensor faults with over 99% accuracy, minimizing false flood alarms. Enabled by
low-power sensing and wireless communication, they support street-level flood warnings,
sewer blockage detection, and active control of valves and gates, ultimately mitigating
flooding and pollution risks [42].

Additionally, digital twins aid in fire risk management in urban and wildland-urban
areas by integrating temperature sensors, smoke detectors, and satellite imagery to detect
and simulate fire behavior. They support bioclimatic design by assessing fire risks and
optimizing mitigation strategies, including design of fire-resistant materials, building
layouts, and vegetation planning [43].

Finally, the use of digital twins in the field of heritage conservation is emerging as a
vital tool for sustainable and effective cultural heritage preservation. Photogrammetry and
laser scanning have revolutionized documentation by enabling the rapid acquisition of
detailed 3D point clouds. Heritage assets, subject to natural decay and external factors,
require ongoing monitoring and maintenance, as emphasized by international organi-
zations like ICOMOS and UNESCO. Heritage Building Information Modeling (HBIM)
applies BIM techniques to build heritage, using digital surveys to create accurate models
for conservation. Traditionally reliant on visual inspections, monitoring is now enhanced
by sensors and scanning technologies. digital twins integrate these advancements with Al
and machine learning to predict deterioration and simulate conservation needs, though
research in this area remains limited. The Heritage Digital Twin (HDT) framework applies
DT concepts to heritage sites, assessing them through four key attributes: Fidelity (model
accuracy), Synchronization (real-time interaction), Intelligence (data and Al integration),
and Autonomy (automation in conservation tasks) [44].

Al-driven digital restoration is also gaining importance, particularly in detecting and
repairing damage to ancient heritage. Deep learning algorithms can identify cracks in
murals with high precision, while Generative Adversarial Networks (GANs) simulate and
restore original colors and textures. Integrated with 3D modeling and virtual reality, these
technologies enable precise digital reconstruction, improving restoration accuracy and
efficiency [45].

6. Future Perspectives of Al in AEC Industry and Sustainable
Building Design

The integration of artificial intelligence into the AEC industry presents significant
opportunities for advancing technology and promoting sustainability. Al-powered systems
offer innovative solutions to optimize energy use, minimize waste, and streamline resource
allocation, ultimately reducing carbon emissions and conserving natural resources. By
leveraging Al in BIM, IoT, Big Data, and predictive systems, the industry can improve
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efficiency, sustainability, and safety while progressing toward Sustainable Development
Goals such as SDG 7 (Affordable and Clean Energy), SDG 9 (Industry, Innovation, and
Infrastructure), and SDG 11 (Sustainable Cities and Communities). Al-driven innovations

in predictive analytics, supply chain optimization, and data-driven communication further

foster economic growth and environmental preservation, supporting a holistic approach to

sustainable construction [3].

However, despite Al’s potential, adoption in the construction sector remains slow due

to traditional industry practices, project complexity, and a limited understanding of Al’s

potential benefits [2]. Key challenges affecting Al integration include:

High Initial Costs: Al-driven tools such as BIM, generative design, and automation
demand substantial upfront investment, posing financial challenges. Adopting tools
like BIM integrated with Al, deploying Al-powered energy management systems
like urban multi-energy systems (UMES) DTs, or investing in robotic construction
technologies involve significant costs for hardware, software, and training. These
financial barriers can be especially challenging for small and medium-sized enterprises
(SMEs). Financial incentives, government subsidies, and demonstrated long-term
return on investment (ROI) could facilitate wider adoption. However, the hidden costs
associated with Al adoption, such as system customization, integration with existing
infrastructure, and ongoing maintenance, must also be considered [2,29].

Data Transmission and Security: Al applications in construction heavily rely on data
from various sources, including sensor networks, environmental data, construction
schedules, and building materials. The data generated in these systems often includes
heterogeneous types, such as image data, video data, mechanical data, and environ-
mental data. In terms of data transmission, most studies nowadays have focused on
short-range wireless technologies, such as Wi-Fi, Bluetooth, and UWB. Moreover, en-
suring secure data transmission is a key consideration. Many construction-related data
are confidential, and the transmission of such sensitive information can expose the sys-
tem to cyber-attacks. A breach in these systems could have far-reaching consequences,
including compromising building safety, exposing sensitive data, or disrupting critical
infrastructure. Future research should focus on privacy-preserving network models
and secure data exchange mechanisms [37].

Data Integration and Compatibility: The AEC industry struggles with fragmented,
inconsistent, and siloed data across various stages of a building’s lifecycle. Con-
struction projects typically involve numerous stakeholders using different software
platforms, which complicates system interoperability [29]. This data often comes from
multiple sources, including design models (e.g., BIM), building materials, construction
schedules, sensor networks, and environmental data from IoT devices, which can be
incompatible or poorly organized. This lack of integration often leads to delays, cost
overruns, and project disruptions. Open-source platforms, standardized interfaces,
and semantic web technologies can enhance interoperability. Additionally, collabora-
tive approaches, such as BIM and Integrated Project Delivery (IPD), can streamline
workflows, improve coordination, and enhance overall project delivery) [1,2,37].
Integration of AR and VR for Data Processing and Visualization: In terms of data
visualization, the use of 3D modeling platforms, along with immersive technologies
like Virtual and Augmented Reality, has advanced the visualization and interaction
with digital twin data, driving increasing interest in their integration within Intelligent
DSS for construction engineering. These technologies provide interactive and im-
mersive experiences that improve spatial comprehension, collaboration and enhance
decision-making but face usability and cost barriers. User-friendly solutions, real-time
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synchronization with BIM and cost-effective solutions are needed for widespread
adoption in the AEC sector [1,37].

Scalability and Standardization: While Al-driven solutions show significant potential
in individual construction projects, scaling these solutions across entire industries
and supply chains presents a distinct challenge. The construction industry’s diversity,
characterized by varying regulations, building codes, materials, and construction
techniques, complicates the widespread implementation of Al solutions without con-
siderable customization. Al adoption is hindered by industry diversity, varying
regulations, and a lack of standardized protocols. Unlike industries such as healthcare,
which have established broad standards like HL7, or manufacturing with ISO 9000,
the construction sector lacks cohesive frameworks for data exchange, interoperabil-
ity, and quality assurance. Establishing industry-wide frameworks is essential for
interoperability and efficiency [1,29].

Continuous Learning and Adaptation: Studies have shown benefits of DSS in areas
like project scheduling, risk management, and material selection. Online learning
algorithms in risk management, allowing the system to adjust to evolving risk profiles
and enhance decision-making. Meanwhile, machine learning for material selection,
enabling the system to learn and refine recommendations based on feedback and new
data. DSS enhance project management but require reliable data access and scalable
algorithms [1].

Explainability and Transparency: Al models, particularly those using deep learning,
often operate as “black boxes” where their decision-making processes are not trans-
parent or understandable to humans. Al decision-making must be interpretable to
ensure trust and accountability. The field of explainable artificial intelligence aims to
address this issue by creating models that provide clear, understandable explanations
for their decisions. XAI frameworks should balance accuracy and interpretability [21].
Environmental Impact: As Al systems grow in sophistication, they require massive
computational resources, which translates to a substantial environmental impact. Al
models require significant computational resources, contributing to a high energy
demand and carbon footprint. Sustainable Al practices, data optimization, and gover-
nance frameworks should be prioritized [46,47]. In this context, the concept of Net
Zero Energy Data Centers (NZEDC) encapsulates key sustainability strategies, defined
by the RenewlT project (Deliverable 4.5) as data centers that achieve a net-zero balance
by exclusively consuming renewable energy while generating an equivalent amount
of electrical and thermal energy over their operational lifespan [18].

Regulatory and Ethical Considerations: Al systems, which can significantly impact
society, the economy, and individual lives, require robust frameworks to ensure
they are developed and deployed responsibly. Design teams often lack regulatory
support documents with performance benchmarks for non-mechanical solutions,
unlike mechanical systems (e.g., HVAC, heat pumps) validated by European standards
(Delegated Regulation 2022 /759; Commission, 2014). These benchmarks are crucial for
assessing energy savings and comfort across climates [12]. Moreover, Al governance
must address fairness, transparency, and human oversight. According to the Al Index
Report 2024, in 2023, policymakers in both the European Union and the United States
made significant strides in Al regulation [22]. The European Union’s Al Act and
similar frameworks emphasize ethical Al development [25].

Skill Gaps and Workforce Adaptation: Al adoption in the AEC sector requires signifi-
cant workforce reskilling to bridge the technical expertise gap. While Al can greatly
enhance efficiency, it may reduce the need for certain manual tasks, leading to poten-
tial workforce displacement. This raises important ethical concerns about balancing
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the benefits of automation with the preservation of employment opportunities [33].
In addition, many professionals in construction lack the technical expertise required
to effectively use Al tools, which demand knowledge in areas like machine learning,
data analytics, robotics, and programming. Building and deploying Al solutions in
construction require specialized knowledge, and there is currently a large gap between
the demand for Al talent and the availability of qualified professionals. Talent devel-
opment and collaborative training programs are essential to prepare professionals for
Al-driven roles [2,29].

To fully realize Al’s potential in sustainable construction, industry stakeholders must
address these challenges through policy support, investment, and technological advance-
ments. Future research should focus on scalable, cost-effective Al solutions that enhance
efficiency, safety, and sustainability while ensuring ethical and responsible implementation.

7. Conclusions

Amid growing environmental challenges like climate change and resource depletion,
bioclimatic design has emerged as a key strategy for creating energy-efficient, climate-
responsive buildings, aligning with global sustainability goals. Simultaneously, Al tech-
nologies are transforming decision-making across various domains, driving the develop-
ment of intelligent, eco-friendly infrastructure. This review explores the intersection of
bioclimatic design and Al, highlighting their integration as a solution to sustainability and
efficiency challenges in the AEC industry.

Al is transforming bioclimatic design across the building lifecycle, enhancing energy
efficiency and performance through tools like generative design algorithms and surrogate
models. Among these advancements, digital twin technologies stand out, enabling real-
time monitoring, simulation, and optimization by integrating Al, IoT, and BIM. Their
applications in fagade optimization, energy flow analysis, and risk assessment highlight
their potential in sustainability and energy efficiency. Looking ahead, DTs are expected
to drive autonomous, human-centric design under Construction 5.0 and Industry 5.0,
with applications extending to heritage conservation and resource-efficient construction.
However, challenges such as computational and energy demands, interoperability, and
regulatory constraints must be addressed for broader adoption. One can predict that Al
and DT can influence and maybe transform architectural patterns, shifting the design
from stylistic or mainstream choices to more optimized choices. Creativity supported
by Al can explore varied, innovative design choices. digital twin allows for real-time
simulation, reinforcing the design loop. Future research should prioritize scalable, ethical,
and transparent implementations to maximize Al’s impact. By integrating Al, DTs, and
emerging technologies, the AEC industry can set new benchmarks for sustainable, adaptive,
and intelligent built environments.
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Abbreviations

The following abbreviations are used in this manuscript:

Al
AEC
DT
SDG
ML
DL
EPBD
GAN
IoT
GPU
TPU
XAI
EU
kNN
BIRCH
NLP
ANN
MLP
CNN
RNN
GM
GAN
RBM
DBN
NHE
CAD
BIM
DSS
RFID
BPM
SHM
KBE
SM
HVAC
AR
VR
SCADA
DDC
WLAN
UWB
MQTT
HTTP
BMS
AWS
API
PCM
PMV
PPD
HBIM
UMES

Artificial Intelligence

Architecture, Engineering and Construction
Digital Twin

Sustainable Development Goals
Machine Learning

Deep Learning

Revised Energy Performance of Buildings Directive
Generative Adversal Networks

Internet of Things

Graphic Processing Units

Tensor Processing Units

Explainable Artificial Intelligence
Europian Union

k-Nearest Neighbors

Balanced Iterative Reducing and Clustering using Hierarchies
Natural Language Processing

Artificial Neural Networks

Multi-Layer Perception

Convolutional Neural Networks
Recurent Neural Networks

Generative Models

Generative Adversal Network
Restricted Boltzman Machine

Deep Belief Network

Natural Hazards Engineering
Computer-Aided Design

Building Information Modeling

Decision Support Systems
Radio-Frequency Identification

Building Performance Monitoring
Structural Health Monitoring
Knowledge-Based Engineering
Surrogate model

Heating, Ventilation and Air Conditionig
Augmented Reality

Vurtual Reality

Supervisory Control and Data Acquistion
Direct Digital Control

Wireless Local Area Network
Ultra-Wideband

Message Queuing Telemetry Transport
Hypertext Transfer Protocol

Building Management Systems

Amazon Web Service

Application Programming Interface
Phase-Changing Material

Predicted Mean Vote

Predicted Percentage Dissatisfied
Heritage Building Information Modeling
Urban Multi-Energy Systems
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SME Medium-Sized Enterprise
ROI Return on Investment
IPD Integrated Project Delivery

NZEDC Net Zero Energy Data Center
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Abstract: The integration of renewable energy systems into modern buildings is essential
for enhancing energy efficiency, reducing carbon footprints, and advancing intelligent
energy management. However, optimizing RES operations within building energy man-
agement systems introduces significant complexity, requiring advanced control strategies.
One significant branch of modern control algorithms concerns reinforcement learning, a
data-driven strategy capable of dynamically managing renewable energy sources and other
energy subsystems under uncertainty and real-time constraints. The current review sys-
tematically examines RL-based control strategies applied in BEMS frameworks integrating
RES technologies between 2015 and 2025, classifying them by algorithmic approach and
evaluating the role of multi-agent and hybrid methods in improving real-time adaptability
and occupant comfort. Following a thorough explanation of a rigorous selection process—
which targeted the most impactful peer-reviewed publications from the last decade, the
paper presents the mathematical concepts of RL and multi-agent RL, along with detailed
summaries and summary tables of the integrated works to facilitate quick reference to key
findings. For evaluation, the paper examines and outlines the different attributes in the
field considering the following: methodologies of RL; agent types; value-action networks;
reward functions; baseline control approaches; RES types; BEMS types; and building ty-
pologies. Grounded on the findings presented in the evaluation section, the paper offers
a structured synthesis of emerging research trends and future directions, identifying the
strengths and limitations of RL in energy management.

Keywords: reinforcement learning; renewable energy; building energy management;
adaptive control; model-free control; smart buildings

1. Introduction
1.1. Motivation

Energy efficiency has become a global priority, driven by rising energy costs, environ-
mental concerns, and the urgent need to curb greenhouse gas emissions [1,2]. Buildings,
among the largest energy consumers worldwide, are responsible for approximately 34% of
global energy use and carbon emissions, particularly associated with urban areas [3]. Given
their significant environmental impact and operational costs, improving building energy ef-
ficiency has become a cornerstone of sustainability efforts. A key strategy in achieving this
goal concerns the integration of renewable energy systems (RES), such as solar photovoltaic
panels (PVs) and wind turbines (WTs), within building infrastructures [4]. By leveraging

Energies 2025, 18, 1724 https://doi.org/10.3390/en18071724
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on-site renewable energy sources, buildings may decrease reliance on conventional power
grids [5], reduce energy costs [6], and contribute to broader sustainability objectives [7].

The concept of integrating RES into buildings gained traction in the late 20th century,
fundamentally reshaping how energy is generated and managed in the built environ-
ment. Early initiatives primarily focused on solar thermal and PV systems, which initially
emerged in pilot projects during the 1970s in response to the global oil crisis [8,9]. As re-
newable technologies advanced and the environmental consequences of fossil fuels became
more apparent, governments and institutions worldwide increased their investment in
RES for buildings [10]. By the 1990s, improvements in PV efficiency and cost reductions
enabled more widespread adoption, which led early efforts in promoting renewable en-
ergy integration across residential and commercial sectors [9,11]. In more recent years
advanced policies, such as the European Union’s Green Deal [12], played a pivotal role
in promoting RES integration by setting ambitious climate targets and providing finan-
cial mechanisms like the REPowerEU [13], Renewable Energy Directive [14], and LIFE
Programme [15] to support regions transitioning from fossil fuels. As is evident, such initia-
tives inevitably paved the way for the broader adoption of RES in buildings by providing
a strong regulatory framework, financial support, and streamlined integration pathways.
As RES penetration increased, the role of building energy management systems (BEMS)
became indispensable in optimizing energy consumption, demand response (DR), and
grid interaction.

While integrating RES in buildings offers significant benefits, including reducing
reliance on conventional energy, lowering costs, and enhancing sustainability, it also poses
significant challenges, including policy constraints, high costs, maintenance demands, in-
stallation disruptions, and the need for increased energy flows optimization, demand fore-
casting, and system management, alongside stability concerns associated with renewable
energy fluctuations, grid integration, and real-time control [16-18]. Unlike conventional
energy systems, RES are inherently variable, with outputs fluctuating based on external
factors such as weather conditions and time of day. For example, solar energy generation
is directly affected by sunlight availability, which varies with daily and seasonal cycles.
This variability complicates energy management, requiring buildings to adapt their energy
consumption patterns to align with high RES output periods while relying on storage
solutions or grid support during low-production intervals [19,20]. Moreover, additional dy-
namic factors, including occupancy levels, energy pricing, and climate conditions, further
increase the complexity of managing RES-equipped buildings [21]. Traditional rule-based
control (RBC) approaches often fall short in addressing these complexities, as they lack the
flexibility and adaptability required to respond effectively to fluctuating conditions [22-24].
Consequently, there is a growing need for advanced, intelligent control methodologies that
can optimize energy use and enhance efficiency in RES-integrated building environments.

To overcome these challenges, Artificial Intelligence (Al) and machine learning-based
control frameworks have emerged as transformative tools in BEMS [25-28]. Such intelligent
systems are adequate to dynamically adjust to real-time fluctuations in occupancy, RES
output, and energy prices, optimizing the operation of integrated energy subsystems, such
as heating, ventilation, and air conditioning (HVAC), lighting systems (LS), and energy
storage systems (ESS) or thermal storage systems (TSS) [29,30]. BEMS control strategies
typically fall into two primary categories: model-based and model-free approaches [31].
Model-based methods rely on predefined mathematical representations to simulate system
behavior, enabling predictive and precise control [32-34]. The efficiency of such frameworks
is highly dependent on the accuracy of these models, making them complex and often
expensive to implement, particularly in highly variable systems with uncertain parameters.
On the other hand, model-free approaches do not require prior system modeling; instead,
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they learn optimal control strategies by interacting directly with the environment [31,35-
37].

According to the literature, reinforcement learning (RL) stands out as one of the
most prominent model-free approach for managing building energy systems, including
HVAC systems and similar frameworks (see Figure 1) [38]. In model-free RL, an agent
learns optimal control policies through trial and error, continuously refining its strategy
by exploring various actions and maximizing rewards [39-42]. The application of RL in
managing RES within buildings dates back to the early 2000s, when researchers began
leveraging its adaptive learning capabilities to address the inherent variability in RES
output. Until then, a significant number of studies demonstrated RL’s effectiveness in
dynamically optimizing building energy management, particularly in HVAC operations
under fluctuating environmental conditions [43—45].
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Figure 1. Citations share between the different model-free methodologies for HVAC frameworks:
Overall share (%) (Left) and occurrence per year (Right) for 2014-2022 period.

Over the past decade, RL has firmly established itself as a promising model-free con-
trol strategy, tackling the complexities of RES integration in smart buildings and paving
the way for more sophisticated applications in the years ahead. Its growing prominence
in building energy management is largely attributed to its adaptability and capacity to
handle the stochastic nature of RES [46,47]. Unlike model-based control methods, RL-based
approaches are adequate to dynamically adjust to real-time system and environmental
variations, making them particularly well suited for highly variable energy systems, such
as those incorporating RES. A key advantage of RL relies in its ability to learn directly from
interactions with the environment, refining its control policy over time without requiring
a predefined system model—a feature that has proven especially valuable for complex
energy management scenarios [47]. To this end, over the past years, the RL approach
has demonstrated its transformative potential in building energy efficiency by optimizing
energy consumption, reducing operational costs, and improving occupant comfort [48].
Recent advancements in algorithmic design, function approximation, and real-time adapt-
ability have significantly enhanced RL’s ability to manage complex building energy systems.
As such, numerous studies highlight improvements in reward shaping, multi-agent coordi-
nation, and self-learning mechanisms, allowing RL-based controllers to dynamically adjust
HVAC, lighting, and renewable energy storage, leading to measurable energy savings
and benefits [49-51]. Moreover, it is evident that RL introduced a significant number of
hybridized approaches for optimizing energy systems, moving beyond traditional control
methods, shaping next-generation energy management solutions. For instance, in [52],
scientists proposed a Deep Q-Network RL approach with fuzzified reward mechanisms for
PV Maximum Power Point Tracking (MPPT), improving performance in dynamic condi-
tions without relying on explicit system models. Moreover, in [53], researchers applied a
Twin Delayed Deep Deterministic Policy Gradient to pulverized coal boiler combustion,
integrating predictive modeling for real-time optimization.
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Recognizing the pivotal role of RES in sustainable building practices, this review fo-
cuses specifically on RL-based control strategies for optimizing RES operation in buildings,
alongside other integrated energy systems. By analyzing recent RL applications within
BEMS that incorporate RES into the energy mix, this work examines high-value research
contributions to highlight how RL enhances energy efficiency and operational intelligence
in building environments. The analysis spans various building types, control frameworks,
and both real-world and simulated implementations, offering a comprehensive perspective
on the current state of RL-based control in the field. The findings of this review provide
valuable insights for researchers and practitioners aiming to implement intelligent, adap-
tive control strategies in RES-integrated buildings, ultimately supporting the advancement
of sustainable and resilient building technologies.

1.2. Literature Analysis Approach

This review aims to provide a comprehensive exploration of key studies on the appli-
cation of RL for controlling RES in buildings, highlighting significant trends and critical
findings in the field. By systematically analyzing research from the past decade, this work
evaluates fundamental concepts, control methodologies, RL algorithms, and their specific
applications in managing RES within building environments. To ensure a structured and
in-depth examination, studies are categorized based on RL control approaches—value-
based, policy-based, and actor-critic—along with training methodologies and different
RES-integrated BEMS. Additionally, details regarding testbed characteristics are included
to offer a detailed overview of the current state of RL control, ensuring a well-rounded
evaluation of each selected study.

®  Article Selection: A rigorous selection process was conducted using academic
databases such as Scopus- and Web of Science (WoS)-indexed peer-reviewed journals
and conferences to ensure quality and reliability. An initial pool of over 300 papers
was reviewed based on abstracts, from which the most relevant studies were short-
listed for detailed analysis. More specifically, the work followed a multi-step quality
assessment process considering the following: Citation Impact (studies with at least
10 citations—excluding self-citations—were selected to ensure academic influence,
verified via Scopus at the time of selection); Relevance (only papers explicitly address-
ing RL-based control for RES-integrated BEMS were included, excluding studies on
fault detection, generic demand-side management, or isolated RES control without
RL); Peer Review (only peer-reviewed journal articles and high-quality conference
proceedings—IEEE, Elsevier, Springer, MDPI—were considered, excluding preprints
and non-peer-reviewed reports); Rigor (selected studies had to clearly describe RL im-
plementation, optimization objectives, and evaluation frameworks, with benchmark
comparisons and experimental validation); Diversity (a balanced selection of value-
based, policy-based, actor-critic, and hybrid RL methods was ensured, covering vari-
ous building types—residential, commercial, university, hospital—and RES-Integrated
BEMS setups).

e Keyword Research: A comprehensive keyword analysis was performed, incorporat-
ing terms such as “Reinforcement Learning in RES for buildings”, “RL control in BEMS”,
“RL-based energy management” and other specific phrases related to RES integration.
This approach ensured a broad yet precise capture of the challenges and advancements
in RL-based RES management.

e Data Collection: Each publication was systematically categorized based on the
RL techniques applied to RES control, the integration of additional energy sys-
tems, the specific application context, and evaluations of the advantages, limitations,
and practical implications within building energy management.

187



Energies 2025, 18, 1724

*  Quality Assessment: A structured quality assessment was carried out, considering
citation count, the academic contributions of authors, and the methodological rigor of
each study. More specifically, the citation-based selection concerned a total number of
more than ten citations acting as a measure of academic impact, ensuring the inclusion
of studies with established influence. Citation counts, retrieved from Scopus and
excluding self-citations, provided reliability. Preference was given to publications in
high-impact journals and conferences. Moreover the research background of authors
in RL, RES, BEMS was evaluated based on their publications in top-tier journals,
contributions to widely adopted RL algorithms or methodological advancements in
energy management, and affiliations with leading research institutions or energy-
focused labs. Studies from authors with a strong track record in RL-based energy
optimization were prioritized to ensure credibility.

This evaluation helped determine the relative significance of each research work’s
contribution in the field.

e Data Synthesis: Findings were synthesized into distinct categories, enabling clear
comparisons across studies and facilitating a holistic understanding of the evolving
landscape of RL-based control for RES in buildings.

1.3. Previous Work

The literature presents a wealth of studies exploring the application of RL in managing
various energy systems. Among these, Wang et al. [46] conducted a comprehensive review
of RL-based building control strategies, emphasizing their potential to enhance energy
efficiency and adaptability. The study identified key challenges, including data-intensive
training, security vulnerabilities, limited real-world adoption, and poor generalization.
To address these issues, the authors highlighted the importance of transfer learning and
the development of open-source testbeds to advance RL controller design and benchmark-
ing. Al et al. [45] focused specifically on RL applications for HVAC control in intelligent
buildings, underscoring its effectiveness in optimizing energy consumption while main-
taining occupant comfort. By comparing RL-based approaches with conventional HVAC
control methods, the study demonstrated RL’s superiority in overcoming limitations such
as high computational demands and a lack of adaptive learning capabilities. A significant
contribution by Perera et al. [54] examined RL applications across broader energy systems,
classifying existing research into seven key categories, with a strong emphasis on build-
ing energy management and dispatch optimization. The study reinforced RL’s potential
to enhance energy system efficiency while also identifying critical research gaps, includ-
ing the limited integration of deep learning techniques, benchmarking inconsistencies,
and challenges related to reproducibility.

Gaviria et al. [55] extended the discussion to machine learning frameworks for opti-
mizing PV system operations. Their review highlighted gaps in benchmarking, real-world
validation, and the integration of advanced machine learning models. The study proposed
future directions, such as leveraging RL for Maximum Power Point Tracking (MPPT) and
exploring the use of transformer-based models for improved PV performance forecasting.
Fu et al. [56] provided a focused review of RL applications in building energy efficiency,
particularly in HVAC optimization. The study systematically classified RL algorithms,
distinguishing value-based methods, e.g., Q-learning (QL), Deep-Q-Networks (DQN), for
discrete action spaces and policy-based methods, e.g., DDPG, proximal policy optimization
(PPO), for continuous control tasks. While the research underscored RL's advantages over
traditional control techniques, it also highlighted persistent challenges, such as prolonged
training times and the high costs associated with real-world deployment.
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1.4. Contribution and Novelty

This review distinguishes itself from the existing literature on RL control in RES-
integrated BEMS through several key contributions. Firstly, it is among the few studies
that specifically focus on RL control frameworks designed for the optimal operation of
RES—including, PV panels, WT, solar water heaters (SWHs), ground heat pumps (GHPs),
and biomass energy systems (BIO)—alongside a diverse set of energy management com-
ponents, such as HVAC, domestic hot water (DHW, LS, ESS), and electric vehicles (EVs)
within building environments.

Unlike previous reviews, this work conducts a large-scale, in-depth analysis of RL
applications, systematically evaluating a substantial number of influential research studies
published between 2015 and 2025. By encompassing nearly all RL-focused studies in this
domain that have received more than ten citations (>10), this review ensures that only
high-impact contributions inform the conclusions drawn in subsequent sections. Through
the synthesis of key findings from the past decade, this study highlights the adaptability
and effectiveness of RL-based control strategies in optimizing RES-integrated BEMS.

Additionally, this review presents detailed summary tables that highlight the most
influential studies, enabling readers to efficiently identify relevant research and compare dif-
ferent RL approaches. Beyond summarizing existing works, this study provides a thorough
evaluation of critical research elements, including the specific RL methodology employed,
the agent-based algorithmic framework, the target optimization outputs, baseline control
strategies, RES configurations, and building typologies. By adopting this comprehensive
approach, the review not only identifies valuable insights and emerging trends but also
lays the groundwork for future advancements in RL-based control for RES management.

1.5. Paper Structure

The structure of this paper is as follows (Figure 2): Section 1 introduces the motivation
behind this review, outlines the literature analysis approach, examines previous studies,
and highlights the paper’s key contributions and novelty. Section 2 provides an overview of
commonly integrated RES technologies in buildings and reviews general RL-based control
strategies for managing RES-integrated BEMS. Section 3 delves into the primary RL control
methodologies, presenting the generalized mathematical framework. Section 4 examines
the most highly cited research works from 2014 to 2024, summarizing key characteristics in
tabular format for comparative analysis. Section 5 evaluates various research dimensions,
comparing prevalent RL methodologies and their effectiveness. Section 6 identifies emerg-
ing trends based on the evaluation and outlines potential future directions for RL-based
control in RES-integrated systems. Finally, Section 7 concludes with a summary of the key
insights and findings presented in this review.
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Figure 2. Paper structure.

189



Energies 2025, 18, 1724

2. Renewable Energy Systems in the Building Level
2.1. Primary RES Types

RES commonly integrated into buildings include various technologies designed to
enhance energy efficiency and sustainability. Commonly integrated RES in buildings may
include: [57,58]:

e  Solar Photovoltaic Systems: PV systems generate electricity by converting sunlight
directly into electrical energy through rooftop or facade-mounted solar panels. Their
widespread adoption is driven by decreasing costs and ease of installation.

e  Solar Water Heating Systems: Utilizing solar energy to produce heat, SWH systems
are commonly used for water and space heating. They operate through solar collectors
that absorb sunlight and transfer heat to a working fluid, which then supplies thermal
energy to the building’s water heating or HVAC system.

e Wind Turbine Systems: Small-scale WT can be installed near buildings to harness
wind energy for electricity generation. However, their feasibility is highly dependent
on local wind conditions, zoning restrictions, and structural integration.

e Geothermal Heat Pumps: Also known as ground-source heat pumps, leverage the
earth’s stable underground temperature for heating and cooling. By circulating a
heat-exchange fluid through buried pipes, they provide an energy-efficient alternative
to conventional HVAC systems.

*  Biomass Energy Systems: Biomass systems convert organic materials—such as wood
pellets, agricultural residues, or other bio-based fuels—into heat or electricity. They
are particularly advantageous in regions with abundant biomass resources.

The adoption of RES in buildings is influenced by multiple factors, including energy
demand, available space, budget constraints, climate conditions, government incentives,
and grid connectivity. Residential buildings predominantly incorporate solar PV and solar
thermal systems, benefiting from decreasing solar panel costs and sufficient rooftop space,
enabling self-consumption and reduced carbon footprints [59]. Commercial buildings,
characterized by larger roof areas and substantial energy requirements, frequently deploy
solar PV and may integrate GHP systems for efficient heating and cooling solutions [60].

Public buildings, including government and municipal structures, are increasingly
adopting solar PV and other RES technologies to align with sustainability policies and
regulatory targets [61]. Educational institutions, such as universities and schools, are
expanding PV adoption to lower operational costs while incorporating sustainability
initiatives into their curricula [62]. Meanwhile, hospitals—given their high and continuous
energy demands—exhibit a lower reliance on onsite RES, typically generating only about
7% of their electricity needs from renewable sources. Due to their critical power reliability
requirements, hospitals often supplement energy generation with backup systems and grid
connectivity [59,62].

One of the most significant parameters for RES adoption is the efficient architectural
integration of such technologies in buildings representing a crucial aspect of sustain-
able urban development, ensuring both functional efficiency and aesthetic harmony [63].
For instance building-integrated photovoltaics (BIPVs), where solar panels are seamlessly
embedded into fagades, roofs, and windows, exemplify how RES can be integrated without
compromising architectural design [64]. Similarly, building-integrated WT, solar thermal
collectors, and green roofs contribute to on-site energy generation while maintaining visual
appeal. Advanced materials, such as transparent solar glass and PV shingles, further
enhance the feasibility of RES integration in modern architecture [65]. Such innovations,
coupled with digital design tools and parametric modeling, allow architects to optimize
energy performance while preserving design flexibility.
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Overall, RES adoption varies across building types, shaped by energy needs, infrastruc-

ture constraints, and economic feasibility, reinforcing the importance of tailored integration

strategies for maximizing renewable energy utilization.

2.2. General Concept of Reinforcement Learning Control in BEMS

In an RL-based building energy management system, four key elements define the

control process: environment, sensors, environment update, and reward computation.

The overall operation of RL control considering a building energy management system

integrated with RES and other various subsystems may be described in the following steps

shown in Figure 3:

Environment

Figure 3. General concept of RL control in BEMS.
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2.3. General Concept of Reinforcement Learning Control in BEMS

The fundamental operation of RL control within BEMS (see Figure 3) may be described

through the following key steps:

1.

Environment: The environment represents all external factors that the RL agent
does not directly control but must respond to and account for. This includes both
indoor and outdoor conditions, such as weather, occupant presence, building physics,
PV /wind energy production, and battery states, as well as external signals like elec-
tricity prices and demand-response requests. Additionally, it encompasses constraints
imposed by the power grid or regulatory frameworks. In essence, the environment
encapsulates the entire building system and its dynamic interactions with external
influences over time.

Sensors: Sensors play a crucial role in collecting real-time data on the state of the envi-
ronment, providing the RL agent with the necessary observations for decision-making.
In a building context, this typically includes measurements of indoor temperature,
occupancy, energy consumption, PV/wind energy output, and battery state of charge.
Sensor inputs can originate from physical devices, such as temperature sensors, occu-
pancy detectors, and power meters, or from virtual data streams, including electricity
price signals and weather forecasts.

RL Agent: The RL agent serves as the intelligent decision-making entity, processing
environmental observations and selecting optimal control actions to enhance energy
efficiency, reduce costs, and maintain occupant comfort. Depending on the RL ap-
proach, the agent’s learned policy may be represented using a Q-table (in traditional
RL) or an artificial neural network (ANN) in DRL. The agent makes key operational
decisions, such as adjusting HVAC setpoints, scheduling battery storage operations,
managing EV charging, and optimizing renewable energy dispatch.

Control Decision Application: Based on the learned policy, the RL agent applies its
selected control actions in real time to optimize the building’s energy management.
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These decisions might involve regulating HVAC settings to maintain indoor comfort
while minimizing energy consumption, scheduling battery charging and discharging
to maximize renewable self-consumption and reduce peak loads, or managing PV
output, determining whether to store excess solar energy, use it immediately, or feed
it into the grid based on real-time electricity prices and demand.

5. Environment Update: After the RL agent implements its decisions, the environment
undergoes an update, reflecting the impact of the chosen actions. This includes
changes in building physics, occupant behavior, weather conditions, and grid interac-
tions, which collectively determine the new environmental state. Mathematically, this
transition captures how the building and its systems evolve over time in response to
both internal control strategies and external dynamics.

6. Reward Computation: Following the environment update, a numerical reward is
calculated to assess the effectiveness of the RL agent’s actions in the given timestep.
The reward function may consider multiple factors, such as energy cost savings, occu-
pant comfort levels, peak load reduction, adherence to thermal constraints, and envi-
ronmental impact.

7. Reward Signal Feedback: Finally, the computed reward is fed back into the RL
algorithm, enabling the agent to refine its policy (whether through QL, an ANN,
or another RL approach). By continuously interacting with the environment, learning
from past actions, and adjusting its strategy accordingly, the RL agent progressively
improves its decision-making to better achieve objectives such as minimizing costs,
maintaining thermal comfort, and maximizing on-site renewable energy utilization.

3. Mathematical Framework of Reinforcement Learning

The integration of RES in buildings has become a critical strategy for reducing car-
bon footprints and enhancing overall energy efficiency. RL has emerged as a powerful
solution for managing the inherent complexity and stochastic nature of RES, enabling
dynamic optimization of energy generation, storage, and consumption. Unlike conven-
tional model-based control methods, RL is inherently adaptive, allowing it to respond to
environmental variations and unforeseen disturbances. This makes it particularly well
suited for addressing the intermittency of renewable energy sources such as solar and
wind power.

RL formulates the control problem as a Markov Decision Process (MDP), wherein
the objective is to learn optimal policies through iterative trial-and-error interactions with
the environment [66,67]. This adaptive learning framework is especially valuable in mod-
ern smart buildings, where effective RES integration requires dynamic load balancing,
intelligent ESS management, and real-time responsiveness to fluctuating demand. By con-
tinuously refining its control strategies, RL enables more efficient and resilient building
energy management, ensuring that renewable resources are utilized optimally in diverse
and unpredictable conditions.

3.1. The General Concept of RL

The mathematical framework of RL may be summarized as follows: RL can be for-
malized through the MDP, defined by the tuple (S, A, P, R, y). Here, S is the set of possible
states representing the environment; A is the set of actions available to the agent; P(s'|s, a)
denotes the transition probability from state s to s’ under action 4; R(s,a) is the reward
function, providing feedback based on the action taken; and y € [0, 1] is the discount factor
that balances immediate and future rewards.

The objective is to maximize the cumulative reward G; = Y5> , /"Ry, by learning a
policy 7t(als) that determines the best action to take in a given state. The optimal policy 77*
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maximizes the expected return V7 (s) = E[G¢|s; = s]. The action-value function Q" (s, )
may be defined as:
Q" (s,a) = E[Gt[s; = s,ar = a] @

This function is iteratively updated through algorithms such as QL, where:
Q(s,a) « Q(s,a) +a[R +ymaxQ(s,a") — Q(s,a)] ()
a

where « is the learning rate.

3.2. Multi-Agent Reinforcement Learning

In a multi-agent extension of RL, a set of N agents interacts with the environment
under the framework of a Markov game (or stochastic game). Let s € S denote the shared
or partially shared state, and let a; € A; be the action of the ith agent [20,68]. The transition
dynamics are given by:

P(s"s,m,...,aN), (3)

which specifies the probability of transitioning to state s’ when agents choose actions
ai,...,aN. In a cooperative building energy management scenario, agents often share a
global reward function R(s, a1,...,ay) and collectively aim to maximize the expected
return [68]. Each agent i may maintain a policy 77;(a; | s), which in value-based methods is
refined by approximating a state-action value function Q;(s, ;).

In practice, these functions are often learned via ANNSs called Value networks (crit-
ics) and Action networks (policies/actors) [69]. The value network estimates the expected
return, for example, Q7 (s, a;), while the action network outputs the probability distribu-
tion over possible actions (or a direct action map) 7t;(a; | s). Each agent updates these
networks iteratively via algorithms, coordinating to optimize energy generation, storage,
and consumption in the building environment [70].

We might say that value networks (critics) and action networks (policies) operation
may be organized around three core dimensions [71]: Structure, covering how critics and
policies are shared among agents; Training, describing whether learning is centralized,
decentralized, or mixed; and Coordination, which ranges from fully implicit interactions
to explicit communication or hierarchical control. Each dimension influences scalability,
data requirements, and overall system performance under varying building and renewable
integration scenarios [71-73]. More specifically, the subtypes of such elements may be
described as follows:

Structure: Determines how value and policy networks are shared among agents, rang-
ing from centralized (shared networks) to decentralized (individual networks), impacting
coordination and scalability. They may be categorized as follows:

®  One centralized critic with separate policy networks: A single critic processes global or
aggregated information, while each agent retains its own policy.

®  Fully separate critics and policies: Each agent independently learns both value functions
and policies, with no shared parameters or central critic.

e A shared critic and policy across all agents: All agents operate under the same critic and
policy, effectively functioning as a unified controller.

®  Hybrid/partially shared: Certain components (e.g., parts of the critic or specific layers in
the policy networks) are shared, while others remain agent-specific.

Training: Refers to the learning paradigm—centralized, decentralized, or hybrid—
that dictates how agents update their networks, influencing learning efficiency and policy
development. They may be categorized as follows:
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e Centralized Training, Decentralized Execution (CTDE): Agents leverage global or central-
ized information during learning but act independently in real-time.

e Fully Decentralized Training: Each agent learns solely from its own local observations
and experiences, with no shared critic or global oversight.

e Fully Centralized Training: A single entity holds and updates all agent parameters,
effectively treating the multi-agent environment as one large system.

e Mixed/Hybrid Training: Combines centralized feedback with decentralized updates,
or vice versa, to balance local autonomy and global coordination.

Coordination: Encompasses the mechanisms through which agents exchange infor-
mation or rewards, affecting the convergence and effectiveness of their collective policies.
Coordination or communication schemes among agents may be categorized as follows:

e [Implicit Coordination: Agents rely on shared objectives, rewards, or a global critic but
do not communicate directly.

e Explicit Coordination: Agents exchange information or messages, enabling direct nego-
tiation or data sharing for coordinated decision-making.

e Emergent Coordination: Cooperative behavior arises through repeated interactions
within the environment, without any explicit mechanism or communication.

e Hierarchical Coordination: Leader-follower roles or multi-level decision architectures
establish structured control and optimize collaborative objectives.

Structurally, a design with one centralized critic means all agents share a value net-
work, while fully separate critics means each agent trains its own—both choices also dictate
whether policy (action) networks are similarly shared or independent. From a training
standpoint, even if the networks are centralized or partially shared, agents may still learn
under a mixed or decentralized scheme, each updating its own parameters with only lim-
ited global oversight. Finally, coordination mechanisms—implicit or explicit—determine
how agents exchange information or rewards and thus whether their value or action
networks converge toward cohesive multi-agent policies or evolve more independently.

3.3. Common RL Algorithms for Energy Management

According to the literature, RL for energy systems management may be categorized
into three main approaches [40]: value-based, policy-based, and actor-critic methods, each
operating uniquely to optimize energy systems. More specifically, these are characterized
as follows:

3.3.1. Value-Based Algorithms

Such RL methodologies focus on estimating the value of actions in a given state.
In order to do so, a value function is utilized in order to guide decision-making by selecting
the action with the highest expected reward. According to the literature, value-based RL
approaches are particularly effective for discrete control tasks, such as determining optimal
time slots for battery charging or scheduling energy loads. However, they struggle with
large or continuous action spaces due to the curse of dimensionality. Common value-
based algorithms found in the literature considering energy management concern QL and
DON [74]. Their mathematical conceptualization may be expressed as follows [40]:

®  Q-Learning: QL is an off-policy algorithm that learns the optimal action-value function
regardless of the policy being followed. This algorithm is widely used for RES control
due to its simplicity and ability to converge to the optimal policy without requiring a
model of the environment [75]. However, QL struggles with high-dimensional state
spaces, leading to slow convergence [76]. It is primarily applied in small-scale RES
systems, such as individual building HVAC control or battery storage management.
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QL learns the value of state-action pairs, Q(s, a), through iterative updates using the
Bellman equation:

Qst,ar) = Qst,ar) + | R(sy,a) +ymax Qlsis1,0) = Qlstoar)| (&)

where a is the learning rate. QL performs well in discrete action spaces and has been
applied to HVAC optimization in buildings [77].

e Deep Q-Networks: DON addresses the limitations of QL by utilizing deep ANNs
to approximate the Q-function, enabling the handling of complex, high-dimensional
environments. DQN leverages experience replay and target networks to stabilize learn-
ing [66]. This makes DQN suitable for larger RES configurations where multi-variable
control is required, such as managing distributed energy resources in commercial
buildings. However, DQN is computationally intensive and requires significant tun-
ing, making deployment in real-time systems challenging. DQN extends the QL
approach by using deep ANNSs to approximate Q(s, a) values, enabling the handling
of large state spaces [78]. The update rule may be expressed by the following equation:

Q(st,ar) « Qs ar) +« {R(st,at) + y max Q(s411,4;0) — Q(st,at;ﬁ)} (5)

3.3.2. Policy-Based Algorithms

In contrast to value-based approaches, the policy-based methodologies bypass the
value function and directly optimize a policy to determine actions. Such approaches
are well suited for continuous action spaces, enabling smooth control of solar trackers,
or inverters. However, while they perform better in high-dimensional action spaces, they
may converge to suboptimal solutions without careful tuning of hyperparameters [40].
Common policy-based algorithms found in the literature considering energy management
concern primarily the PPO algorithm. The mathematical concepualizationt of the algorithm
may be expressed as follows:

*  Proximal Policy Optimization (PPO): PPO entails primarily a policy-based approach
because it directly optimizes the policy (the actor) by maximizing an objective function
related to expected rewards. The policy is typically represented by a neural network
that outputs action probabilities (for discrete actions) or parameters of a distribution
(for continuous actions). PPO improves stability by limiting the policy update step,
thereby preventing drastic policy changes [79]. PPO has been effectively applied to
BEMS, particularly for optimizing HVAC systems and renewable energy dispatch.
PPO strikes a balance between performance and computational efficiency, making it
popular for large-scale applications [80].

LHP(9) = E[min(r¢(0) As, clip(r(0),1 — €,1 + €) A)] (6)

7 (agst)
Teo1d (at[st)

where 7;(0) = and A; concern the advantage function.
g

3.3.3. Actor-Critic Algorithms

Actor-critic methods combine the strengths of both value-based and policy-based
approaches. They consist of two components: the actor, which selects actions, and the
critic, which evaluates the actions by estimating a value function. This hybrid design
improves training stability and learning efficiency. Such algorithms are frequently used
in complex building systems, coordinating multiple RES components to optimize ESS,
consumption, and grid interactions [40]. Common actor-critic algorithms found in the
literature considering energy management concern the following approaches: Deep De-
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terministic Policy Gradient (DDPG), Soft Actor-Critic (SAC), and Advantage Actor-Critic
(A2C). Their mathematical conceptualization may be expressed as follows:

e Deep Deterministic Policy Gradient: DDPG presents an actor-critic algorithm that
combines the strengths of policy gradient methods and QL. It is well suited for
continuous action spaces, making it advantageous for applications such as battery
energy storage control, where actions like charge/discharge rates are continuous [81].
DDPG’s major advantage is its ability to handle high-dimensional, continuous control
tasks. However, it is sensitive to hyperparameters and prone to instability during
training. DDPG portrays an off-policy algorithm suited for continuous action spaces,
combining actor-critic architectures [81]. The policy (actor) updates based on gradients
derived from the critic’s Q-function.

CriticUpdate : Q(st, at) < R(s¢, ar) + yQ(sp41, 1(St41)) (7)

ActorUpdate : Vo] (0) = E[VgQ(st, (5t 0)) V(s 0)] 8)

*  Soft Actor-Critic (SAC): SAC maximizes entropy, encouraging exploration and pre-
venting premature convergence to suboptimal policies. Such algorithms have proven
effective in RES control for smart grids and microgrids, where the environment is
highly dynamic and stochastic [82]. SAC’s primary benefit lies in its robustness to en-
vironmental noise and ability to achieve high performance across varying conditions.
However, it requires substantial computational resources. SAC achieves sample effi-
ciency and is well suited for real-time energy management applications but requires
careful balance of the entropy coefficient .

J(m) = Y_E[R(st,ar) + aH(7(:|s¢))] ©
t

*  Advantage Actor-Critic: A2C concerns a synchronous, deterministic version of the
asynchronous actor-critic framework. It uses both a policy network (actor) to choose
actions and a value network (critic) to evaluate them, optimizing both simultaneously
to improve learning efficiency. In the context of RES control for buildings, A2C is
particularly useful for tasks that involve sequential decision-making under uncertainty,
such as demand-side energy management and dynamic load scheduling [83]. A2C’s
key advantage lies in training stability, in comparison to purely policy-based or value-
based methods. A2C leverages the advantage function to reduce variance in policy
gradient estimation, which accelerates convergence. However, its performance may
be sensitive to hyperparameter tuning and might struggle with very high-dimensional
action spaces without additional enhancements.

The advantage function A(s, a;) is calculated as the difference between the value of
taking an action in a given state and the baseline value of the state:

A(st,ar) = R(sy, ar) — V(st) (10)
The policy gradient is updated to maximize the expected reward with reduced variance:
Vol (79) = Ery[Velog g (ar|s) A(st, ar)] (11)

A2C is well suited for moderately complex RES applications but can require enhance-
ments like parallel training for scaling to larger and more complex environments.

In general, RL presents a transformative approach to controlling RES in buildings by
adapting to the stochastic nature of renewable sources and optimizing energy consumption
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patterns dynamically. The choice of an RL algorithm depends on the specific application,
with QL and DQN being suitable for discrete environments, while DDPG, PPO, and SAC
excel in continuous, large-scale RES management. Future advancements in RL will further
enable autonomous, resilient, and efficient energy systems in smart buildings.

4. Tables and Summaries of RL Applications

This section provides a structured analysis of RL applications in RES-integrated
BEMS from 2015 to 2025. The Summarized Tables subsection offers a high-level overview,
highlighting key attributes of each study, while the Summaries of Applications subsection
provides a detailed description of the research scope and outcomes. This approach allows
readers to quickly identify relevant applications in the tables and refer to the detailed
summaries for deeper insights into their methodologies and findings.

4.1. Summarized Tables

Before proceeding to the actual summaries on the different applications, this section
presents five summarized tables categorizing the studies based on the type of RL type em-
ployed (namely, value-based, policy-based, actor-critic, hybrid, and other applications—see
Tables 1-5). Such tables systematically classify each application according to key charac-
teristics (e.g., reference, year of publication, RL method, agent type, BEMS combination,
building type (residential /commercial), application type (simulation/real-life), and num-
ber of citations), ensuring a comprehensive understanding of the methodologies used in
the field. More specifically the Summarized Table columns identify:

*  Ref.: illustrating the reference application in the first column;

®  Year: illustrating the publication year for each research application;

®  Method: illustrating the specific RL algorithmic methodology applied in each work;

e Agent: illustrating the agent type of the concerned methodology (single-agent or
multi-agent RL approach)

e BEMS: illustrating the combination of energy systems within BEMS RES technology
integrated in the energy mix (e.g. PV, ESS, TSS, SHW, WT, HVAC, HP, GHP, BIO, etc.)

*  Residential: defining if the testbed application concerns a residential building control
application with an “x”;

e  Commercial: defining if the testbed application concerns a commercial building
control application with an “x”;

e  Simulation: defining if the testbed application concerns a simulative building control
application with an “x”;

e Real-life: defining if the testbed application concerns a real-life building control
application with an “x”;

e  Citations: portrays the number of citations—according to Scopus—of each work.

"o

The abbreviation “-” represents the “not identified” elements in the tables and figures.
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Table 1. Summarized table of value-based RL applications for RES-integrated BEMS (2015-2025).
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Ref.  Year Method Agent BEMS % O v & O
[84] 2015 QL Multi PV/GHP/HVAC X X 150
[85] 2015 QL Multi PV/ESS X X 37
[86] 2017 FQI Single PV/HVAC/DWH X x 19
[87] 2018 SARSA Single PV /ESS X X 16
[88] 2019 QL Single PV/ESS/EVs X X 84
[89] 2018 QL Single PV X X 128
[90] 2019 DQN Multi PV /ESS X 39
[91] 2020 QL Multi PV/HVAC/LS/EVs X X 283
[92] 2020 QL Single SWH/HVAC X X 43
[93] 2021 QL Single PV/ESS/Other X X 24
[94] 2021 QL Single PV/HVAC/DHW X X 132
[95] 2021 QL Single PV /ESS/Other X X 11
[96] 2022 DQN Single PV/SWH/HVAC X X 33
[97] 2022 DON Multi PV /Other X X 18
[98] 2022 DON Single PV/WT/GHP X X 64
[99] 2022 QL Single PV/WT/SWH/BIO X X 15
[100] 2023 DQN Single PV /ESS X X 14

Table 2. Summarized table of policy-based RL applications for RES-integrated BEMS (2015-2025).
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[101] 2019 DPG Single PV/EVs/Other X X 464
[102] 2020 MARLISA Multi PV/ESS/HVAC X X 51
[103] 2021 PPO Single PV/HVAC X X 26
[104] 2021 PPO Single PV X X 40

Table 3. Summarized table of actor-critic RL applications for RES-integrated BEMS (2015-2025).
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Ref. Year  Method Agent BEMS O »n & U
[105] 2019 DDPG Single PV/ESS/HVAC X X 304
[106] 2020 A2C Multi PV/ESS/HVAC/Other X X 112
[107] 2021 TD3 Single PV/ESS/HVAC/EVs X X 39
[108] 2021 DDPG Single PV/ESS/HVAC X x 56
[109] 2021 - Multi PV/ESS/HVAC X X 16
[110] 2021 SAC Single PV/ESS/TSS/HVAC/DHW X X 69
[111] 2021 SAC Single PV/HVAC/TSS X X 72
[112] 2022 TD3 Single PV/ESS/BIO X X 46
[113] 2022 DDPG Single PV/SWH/ESS/HVAC/TSS X X 25
[114] 2022 SAC Multi PV/SWH/ESS X X X 26
[115] 2023 SAC Multi PV/ESS X X 21
[116] 2023 DDPG Multi PV/ESS/HVAC X X X 46
[117] 2023 SAC Multi PV/ESS/DHW /HVAC x x x 35
[118] 2023 TD3 Single PV/WT/ESS X X 10
[119] 2024 SAC Single PV/ESS/EVs X X X 12
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Table 4. Summarized table of hybrid RL applications for RES-integrated BEMS (2015-2025).
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[120] 2016 HRL/ACO Single PV/DHW/HVAC X X x 69
[121] 2018 QL/FLC Multi PV/ESS/Other X X 179
[122] 2019 Monte Carlo/ADP Multi PV/ESS X 10
[123] 2020 DQN/TD3 Multi PV/ESS/BIO X x 21
[124] 2021 QL/ANN Single PV/ESS/Other X X 14
[125] 2021 SAC/RBC Single PV/TSS X X 24
[126] 2022 DQN/DDPG Single PV/ESS/HVAC/Other x X 45
[127] 2022 TD3/MPC Single PV/Other X X 11
[128] 2023 QL/FLC Single PV/ESS/EVs/Other X X 12
[129] 2023 DDPG/RBC Single PV/ESS X X 26
[130] 2024 QL/ANN Multi PV/ESS/EVs X X 12
[131] 2024 PPO/IL Multi  PV/ESS/HVAC X X 15

Table 5. Summarized table of other RL applications for RES-integrated BEMS (2015-2025).
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Ref.  Year Method Agent BEMS Z O »n & O
[132] 2017 BayesianRL Multi PV/ESS/WT/SWH/HVAC X 37
[133] 2022 MCTS Multi PV/ESS/WT/GHP X X 23
[134] 2022 MCTS Multi  PV/ESS/WT/GHP X X 116

4.2. Summaries of Applications

A more in-depth analysis of the aforementioned applications is illustrated in

Tables 6-10 in the same order:

Table 6. Summaries of Value-based applications.

Author (Year)

Summary

Yang et al. [84]

MARL QL optimized a PV/T-GHP system with floor heating in a Swiss resident. RL learned online to
maximize net thermal and electrical output, ensuring GHP compensation and optimal operation. Achieved
100% heat demand coverage (vs. 97% RBC) and 10% higher PV /T energy capture

Raju et al. [85]

Multi-agent QL scheduled PV /ESS operations in a university microgrid, coordinating battery storage for
optimal grid interactions. The approach reduced grid reliance by 15-20%, improving energy balancing,
and enhancing battery utilization over a 10-year horizon

De Somer et al. [86]

Model-based RL (FQI with ERT regression) optimized DR in DHW bulffers of PV-integrated homes. Real-
life tests in 6 smart homes showed a 20% increase in PV self-consumption, reducing grid dependence by
dynamically scheduling heating cycles.

Ebell et al. [87]

SARSA-ANN-based RL managed PV /ESS providing frequency containment reserve. The agent minimized
grid imports while ensuring real-time compliance with demand fluctuations. Simulations showed a 7.8%
reduction in grid reliance compared to RBC

Kim et al. [89]

QL single-agent control optimized PV/ESS/V2G scheduling in a university building, minimizing costs
through ToU pricing strategies. Reduced daily energy costs by 20-25% and grid reliance by 15-30% while
dynamically shifting charging/discharging cycles.

Remani et al. [88]

QL-based RL optimized real-time load scheduling for residential PV-powered homes. Stochastic PV modeling
ensured adaptive scheduling, reducing energy costs from 735 units to 16.25 units, enhancing self-sufficiency
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Table 6. Cont.

Author (Year) Summary

Prasad et al. [90] Multi-agent DQN optimized peer-to-peer energy sharing in a PV /ESS residential community. Agents learn
when to store, lend, or borrow power. Simulations showed 40-60 kWh lower grid reliance per household,
achieving near-zero energy status

Xu etal. [91] Multi-agent QL-based HEMS integrates PV, HVAC, LS, EVs, and shiftable loads. Extreme Learning Machine
predicted PV output and prices. Cost reductions reached 44.6%, and dynamic scheduling enhanced system flexi-
bility

Correa et al. [92] Tabular QL optimized SWH scheduling in a university with solar thermal collectors and heat pumps (HP).
TRNSYS simulations revealed a 21% efficiency boost in low solar conditions, optimizing demand-side response

Chen et al. [93] Multi-objective QL optimized DR for PV/ESS smart homes, balancing cost vs. user satisfaction via dual
Q-tables. Achieved 8.44% cost savings, with a 1.37% increase in user satisfaction
Lissa et al. [94] QL-based HEMS with ANN-approximated Q-values optimized a PV/ESS/DHW system. Dynamic setpoint

adjustments improved PV self-consumption (+9.5%), energy savings (+16%), and load shifting (+10.2%)

Raman et al. [95] Zap QL optimized PV/ESS scheduling during grid outages, ensuring resilience. Computation time reduced
(0.14 ms RL vs. 62.47 s MPC), maintaining 100% reliability for critical loads in disaster scenarios

Heidari et al. [96] DDON optimized a PV/HP/DHW framework, incorporating Legionella control and user comfort constraints.
Swiss home trials reported 7-60% energy savings over RBC while maintaining hygiene and adaptability

Luetal. [97] MARL DQN optimized residential appliance scheduling with PV. Individual agents learnt cooperative control
policies, reducing costs by 30%, peak demand by 18.2%, and improving punctuality by 37.3%.
Shen et al. [98] D3QN-based MARL optimized PV/WT/GHP systems in office buildings. Prioritized experience replay and

feasible action screening reduced discomfort by 84%, minimized unconsumed renewable energy by 43%,
and cut energy costs by 8%

Wang et al. [99] QL-based BEEL method optimizes DHW /PV/BIO interactions in a multi-zone building. Enhanced control
over heating, cooling, and storage, reducing heating demand by 26% and cooling energy by 15%

Cordeiro et al. [100]  DQN/SNN control optimized a PV /ESS framework in a university setting. Boosted self-sufficiency (41.39%
— 52.92%), reduced grid reliance (—17.85%), and achieved EUR 25,000 annual savings with an 8.56 kg CO,
cut

Table 7. Summaries of Policy-based applications.

Author (Year) Summary

Mocanu et al. [101]  Proposed energy management for PV-integrated residents using DPG and DQN. The model was trained on
Pecan Street data, optimizing real-time energy consumption and costs, achieving 26.3% peak demand reduction,
27.4% energy cost savings, and improved PV utilization

Vasquez et al. [102] MARLISA MARL optimized urban energy systems with PV, TSS, HPs, and heaters. MARLISA reduced daily
peak demand by 15%, ramping by 35%, and increased the load factor by 10%. Combining MARLISA with RBC
accelerated convergence within 2 years

Chen et al. [103] PPO-based PROF method integrated ANN projection layers to enforce convex constraints in energy optimization.
Applied to radiant heating in Carnegie Mellon’s campus, enhancing thermal comfort and reducing energy use
by 4%

Jung et al. [104] GIS-PPO RL model for optimal rooftop PV planning in South Korea. Simulates 10,000 economic scenarios,

optimizing panel allocation under future uncertainties. Achieved USD 539,197 profit, outperforming RBC and
GA by 4.4%, while reducing global warming potential by 91.8%
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Table 8. Summaries of Actor-critic applications.

Author (Year)

Summary

Yu et al. [105]

DDPG optimized HVAC scheduling and ESS management in a resident, integrating PV. The method handled
thermal inertia and stochastic DR to minimize energy costs ensuring comfort. Simulations using real-world
data, showed 8.10-15.21% less costs compared to RBC

Lee et al. [106]

The MARL A2C optimized PV-ESS and appliance scheduling across multiple residents. Each household trained
locally, periodically updating a global model to improve efficiency. The approach reduced electricity costs while
maintaining comfort, achieving learning accelerating convergence

Ye et al. [107]

The TD3 DR optimized BEMS integrating PV, ESS, HVAC, and EVs with V2G. The algorithm addressed
uncertainties in solar power generation and non-shiftable loads, achieving 12.45% and 5.93% lower energy costs
compared to DON and DPG using real-world datasets

Touzani et al. [108]

Developed a DDPG-based controller for DER management in a commercial building equipped with PV, ESS,
and HVAC. The system was trained on synthetic data and deployed in FLEXLAB, demonstrating energy savings
through optimized scheduling of RES and load shifting

Lee et al. [109]

Proposed a hierarchical framework with federated learning to optimize shared ESS and HVAC scheduling in
smart buildings. The approach preserved privacy by sharing only abstracted model parameters while reducing
HVAC consumption by 24-32% and electricity costs by 18.6-20.6%

Pinto et al. [110]

Proposed a centralized SAC for HVAC and TSS management in commercial buildings (offices, retail, and
restaurant). The model balanced peak demand reduction, operational cost savings (4% reduction), and load
profile smoothing (12% peak decrease, 6% improved load uniformity)

Pinto et al. [111]

Utilized SAC for HP and TSS coordination, integrating LSTM-based indoor temperature predictions. The ap-
proach optimized grid interaction and storage utilization, reducing peak demand by 23%, Peak-to-Average
Ratio (PAR) by 20%, and having 20% faster training

Gaoetal. [112]

Investigated TD3 and DDPG for optimizing off-grid hybrid RES systems in a Japanese office building. The model
ensured safe battery operation and grid stability, with TD3 outperforming DDPG by reducing hourly grid
power error below 2 kWh and increasing battery safety by 7.72 h

Langer et al. [113]

Examined DDPG for home energy management with PV, modulating air-to-water HP, ESS, and TSS. The model
transitioned from MILP to DRL, leveraging domain knowledge for stable learning. Simulations in Germany
demonstrated 75% self-sufficiency, 39.6% cost savings, over RBC

Pinto et al. [114]

Developed a MARL-based SAC model for district energy management (three residential buildings and a
restaurant). The decentralized approach optimized PV self-consumption and thermal storage, reducing energy
costs by 7% and peak demand by 14% compared to RBC

Qiuetal. [116]

Proposed a federated multi-agent DDPG approach for joint peer-to-peer energy and carbon trading in mixed-use
buildings (residential, commercial, industrial). The Fed-JPC model reduced total energy and environmental
costs by 5.87% and 8.02% while ensuring data privacy

Nuweye et al. [115]

Introduced the MERLIN framework utilizing SAC for distributed PV-battery optimization in 17 zero-net-
energy homes. Combined real-world smart meter data and simulations, reducing training data needs by 50%,
improving ramping by 60%, and lowering peak load by 35%

Xieetal. [117]

Applied a MARL SAC framework with an attention mechanism for DR in grid-interactive buildings. The model
controlled PV, ESS, and DHW in residential, office, and academic buildings. Achieved a 6-8% reduction in net
demand, USD 92,158 annual electricity savings at Cornell University

Qiuetal. [118]

Proposed a TD3-based RL approach with dynamic noise balancing to optimize PV, wind, ESS, and hydrogen-
based energy systems in commercial buildings. The model reduced operating costs by 18.46%, eliminated RES
curtailment, and achieved superior accuracy over traditional methods

Deng et al. [119]

Developed the DC-RL model integrating a distributed DC energy system with SAC. Optimized PV, ESS, EVs,
and flexible loads for residential and office buildings. Increased PV self-consumption by 38%, satisfaction by
9%, and PV self-sufficiency to 93%, while reducing ESS reliance by 33%
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Table 9. Summaries of Hybrid applications.

Author (Year)

Summary

Kazmi et al. [120]

The hybrid RL-combining RL, heuristics and ACO-optimized DHW production in 46 NZEBs in Holland,
integrating PV and ASHPs. Simulations showed 27% energy savings, while real-world tests yielded 61
kWh savings over 3.5 months

Kofinas et al. [121]

Proposed a MARL system using fuzzy QL to control a microgrid with PV, diesel generator, fuel cell, ESS,
and electrolyzer. Each device RL agent, optimized energy balance independently. System achieved 1.54%
uncovered energy, less diesel usage (0.87%), and reduced ESS discharges

Chasparis et al. [122]

Developed a hierarchical ADP-based RL model where an aggregator controlled residential PV /ESS systems
for energy bidding. Used Monte Carlo Least Squares ADP for flexibility forecasting. Real-world simulations
in Austria (30 homes) improved revenues over 10 test days

Gao et al. [123]

Employed a MARL RL framework using TD3 (continuous actions) and DQN (discrete actions) for off-grid
energy optimization in a Japanese office building with PV, BIO, and ESS. Achieved 64.93% improvement in
off-grid operation and an 84% reduction in unsafe battery runtime

Ashenov et al. [124]

Integrated ANNSs for forecasting and QL for load scheduling in a HEMS with PV, ESS, and smart plugs.
Distinguished non-shiftable and shiftable loads, dynamically optimizing scheduling. Achieved a 24% cost
reduction and a 15% profit increase in a single-home case study

Deltetto et al. [125]

Combined SAC with RBC for demand response in small commercial buildings (office, retail, restaurant)
with PV. SAC-alone reduced costs by 9%, energy use by 7%, and improved peak shaving by 4%, but violated
DR constraints. Hybrid SAC-RBC balanced cost and DR compliance.

Huang et al. [126]

Proposed a mixed DRL model integrating DQN and DDPG for discrete-continuous action spaces in HEMS
(PV, ESS, HVAC, appliances). A safe-mixed DRL version mitigated comfort violations. Achieved 25.8% cost
reduction and significant thermal comfort improvements.

Nicola et al. [127]

Combined Synergetic (SYN) and Sliding Mode Control (SMC) with a TD3 RL agent for MPPT in a 100 kW PV-
grid system. The RL agent stabilized DC-link voltage, reducing steady-state error (<0.02%) and overshooting
under 30% load variations.

Almughram et al. [128]

Developed RL-HCPV using fuzzy QL and deep learning (ANN, LSTM) for predictive PV generation, EV
SOC, and energy trading in smart homes with V2H. Reduced grid reliance by 38% (sunny days) and 24%
(cloudy days), cutting electricity bills to USD 3.92/day.

Zhou et al. [129]

Integrated DDPG with a rule-based expert system for energy flexibility in a net-zero energy office building
with PV and ESS. Used CART to analyze external influences. Achieved 7% cost reduction, 9.2% PV
self-consumption increase, and 10.6% lower grid reliance

Binyamin et al. [130]

Combined multi-agent QL and ANN for smart home P2P energy trading with PV, ESS, and EVs. Optimized
load scheduling, storage, and trading under real-time pricing. Achieved 9.3-16.07% household reward
improvements and cost reductions under varying solar penetration

Wang et al. [131]

Proposed MAPPO and Imitation Learning for scalable hybrid energy management (PV, ESS, HVAC) in
ZEHs. Centralized training, decentralized execution improved PV self-consumption (18.47%) and energy
self-sufficiency (46.10%) while ensuring thermal comfort.

Table 10. Summaries of Other RL applications.

Author (Year) Summary

Anvariet al. [132]  Developed an ontology-driven multi-agent system for energy management in residential microgrids integrating
buildings, RES, and controllable loads. The system used Bayesian RL for real-time battery bank optimization,
managing PV, WT, DHW, radiant floor systems, and micro-CHP. Achieved 5-13% cost reductions, improved
occupant comfort, and enhanced system resilience under dynamic pricing schemes.

Tomin et al. [133] ~ Proposed a multi-criteria approach for designing and managing renewable energy communities using bi-level
programming and RL, namely, the Monte Carlo Tree Search (MCTS) approach. Optimized the operation of
PV, WT, biomass gasifiers, and storage in remote Japanese villages. Results showed 75% cost reductions in
electricity tariffs, higher RES penetration, and balanced economic-environmental benefits

Tomin et al. [134] ~ Applied bi-level optimization with RL (MCTS) for designing and managing community microgrids in Siberian
settlements. Integrated PV, WT, biomass gasifiers, and storage, optimizing energy market operations. Demon-
strated a 20-40% LCOE reduction, improved electricity reliability, and operational flexibility.
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5. Evaluation

In order to provide a well-structured, comparative overview of existing RL solutions
for RES-integrated BEMS, the evaluation centers on seven key attributes: (1) RL Type and
Methodology, (2) Model Type, (3) Agent Type, (4) Target Output Type, (5) Baseline Control
Type, (6) BEMS Combination Type, and (7) Building Type. Such facets were selected since
they capture the most critical dimensions in designing, deploying, and benchmarking RL-
based controllers. By dissecting the literature according to these attributes, the interested
reader can gain a focused perspective on how RL methods align with different building
environments, performance priorities, and design constraints—ultimately guiding more
informed decisions about which RL approaches are best suited to specific BEMS needs.

5.1. RL Types and RL Methods

Value-based RL approaches have been the most widely studied in the literature on
RES-integrated BEMS from 2015 to 2025 (see Figure 4). Among these, QL stands out as the
most frequently adopted method due to its simplicity, flexibility, and suitability for discrete
state and action spaces (see Figure 5). QL has proven particularly effective in applications
requiring computational efficiency and adaptability to diverse RES components, such as PV
systems and geothermal heat pumps (GHP) [84,98,99]. Its straightforward implementation,
combined with its ability to optimize energy management within simulation environments,
has made it the preferred choice for researchers [85,88,89,91-95].

RL Types Occurrence RL Types Percentage (%)
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Figure 4. RL types occurrence (Left) and RL types percentage (%) (Right) in RES-integrated BEMS
applications (2015-2025).

The dominance of QL in the literature highlights the field’s inclination toward com-
putationally inexpensive methods that may be deployed with minimal tuning. However,
QL reliance on discrete action spaces limits the applicability of such a straightforward RL
approach considering real-world scenarios where continuous control variables, such as
temperature regulation or battery charge levels, play a crucial role. While extensions like
function approximation and discretization strategies have been explored, they introduce
additional trade-offs in terms of stability and convergence.

DQN, an extension of QL, has gained significant traction in recent years due to
advancements in computational capabilities. The integration of deep ANNSs as function
approximators has enabled DQN to handle high-dimensional state-action spaces, making
it more effective in complex energy optimization tasks. Studies [90,96-98,100] demonstrate
DQN’s ability to outperform traditional QL by improving convergence speed and decision-
making accuracy in dynamic energy environments. However, challenges remain in terms
of stability, sample efficiency, and generalization across diverse building types; DQN
reliance on predefined reward structures poses challenges for real-world applications,
contributing to a gradual shift toward alternative RL paradigms. Notably, literature findings
indicate that only one value-based application incorporates real-life validation, utilizing the
novel Fitted Q-Iteration (FQI) algorithm [86]. Such limited real-world validation of value-
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based methods underscores the difficulties in designing reward functions that generalize
well across varying environmental conditions. The reliance on simulation environments
often overlooks crucial aspects, such as sensor noise, hardware latency, and the stochastic
behavior of occupants, which can significantly affect policy performance in deployment.
This suggests that future research should explore methods to enhance transferability, such
as domain adaptation or robust RL techniques.

Policy-based RL methods, such as Proximal Policy Optimization (PPO), exhibit a
lower prevalence in RES-integrated BEMS research from 2015 to 2025 (see Figure 5). These
approaches demand higher computational resources and require high-quality data for
gradient-based optimization, making them less favorable in energy systems research, where
modeling inaccuracies and data sparsity are common [103,104]. Their primary advantage
lies in their ability to handle continuous action spaces and stochastic policies, making them
well suited for complex control optimization. However, the dynamic and uncertain nature
of building-integrated RES systems has hindered their widespread adoption, as their high
computational cost and lack of robust, scalable frameworks present notable challenges.
The lower adoption rate of policy-based methods likely stems from the difficulty in balanc-
ing exploration and exploitation in dynamic energy systems. Unlike value-based methods,
which rely on well-defined value functions, policy-based approaches appear to be more
sensitive to hyperparameter tuning and sample efficiency. Future research efforts should
focus on improving sample efficiency and stability through techniques such as trust region
optimization and adaptive learning rates, which could make these methods more practical
for real-time energy management.

Actor-critic methods, particularly the Twin Delayed Deep Deterministic Policy Gradi-
ent (TD3) [107,112,118], DDPG [105,108,113,116], and Soft Actor-Critic (SAC) [110,111,114,
115,117], are gaining increasing attention in the field of building-integrated RES control
(see Figure 5). These methods bridge the gap between value-based and policy-based ap-
proaches, providing a balance between stability and efficiency in optimizing continuous
and high-dimensional action spaces. Their rising adoption is driven by their robustness
in handling real-world complexities, including nonlinear system dynamics, multi-agent
interactions, and partially observable environments—common challenges in energy sys-
tems. TD3 and SAC, in particular, have demonstrated superior stability during training
and more effective exploration strategies, enabling them to outperform earlier actor-critic
variants in complex scenarios. The growing prominence of actor-critic methods reflects an
effort within the research community to address the limitations of purely value-based or
policy-based approaches, particularly in real-time applications and multi-objective opti-
mization for RES integration. Inevitably, such increasing adoption suggests a shift toward
more data-driven and adaptive control strategies in RES-integrated BEMS. Their ability
to incorporate both policy optimization and value estimation offers a crucial advantage
in dynamically evolving environments. However, one major challenge remains—their
sensitivity to reward shaping and hyperparameter selection. Research in this area should
explore automated tuning mechanisms, such as meta-RL or RL with evolutionary strategies,
to enhance adaptability and reduce the need for manual intervention.

Hybrid RL applications represent an emerging and rapidly growing niche in the field
of RES-integrated BEMS. Such approaches combine RL algorithms with complementary
techniques, such as fuzzy logic control (FLC) [121,125,128], ANN [124,130], model predic-
tive control (MPC) [127], as well as RBC [125,129], to leverage the strengths of multiple
methodologies for improved performance. The most commonly observed combinations
include RL with FLC, RBC, and ANNS, each offering distinct advantages for specific energy
management challenges. More specifically, integrating QL with FLC provides an intuitive
approach to handling uncertainties and nonlinearities in RES systems, making it particu-
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larly effective in residential applications where energy demand and supply fluctuations
are significant [121]. Similarly, coupling RL and DRL methods with ANNs enables the
development of adaptive controllers capable of learning from large, complex datasets while
accounting for dynamic system behaviors [124,130]. Additionally, hybrid frameworks such
as TD3/MPC offer the benefits of predictive model-based control while utilizing the policy
optimization strengths of actor-critic methods [123]. This makes them highly suitable for
multi-objective optimization in both residential and commercial settings, further solidifying
their potential as an innovative research direction in RL-based energy management.
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Figure 5. RL methodologies occurrence (Left) and RL methodologies percentage (%) (Right) in
RES-integrated BEMS applications (2015-2025).

The rise of hybrid RL approaches signifies a recognition of the limitations inherent
in standalone RL models when applied to real-world RES-integrated BEMS. The incor-
poration of auxiliary control methods mitigates stability and generalization issues, yet
it also introduces additional complexity in model integration and interpretability. Fu-
ture research should explore standardized frameworks for hybrid RL implementation,
enabling seamless adaptation across various energy systems without an excessive tuning
and computational burden.

5.2. Model Types

Unlike model-free RL, which learns optimal policies through direct interaction and
trial-and-error without relying on a predefined system model, model-based RL inte-
grates a predictive model of the environment. This allows the agent to simulate future
outcomes, enabling more efficient decision-making and planning. However, despite
the growing adoption of RL, only a smaller subset of studies explore model-based RL
approaches [86,103,120,122,133,134] due to their higher data efficiency and predictive capa-
bilities (see Figure 6). To this end, the wider implementation of model-based RL for BEMS
control is constrained by the complexity of accurately modeling building dynamics and
computational overhead.

However, model-based RL may prove to be particularly advantageous in energy
systems with predictable physical dynamics, such as HVAC thermal responses or battery
charge/discharge cycles. It should be noted though that in real-world BEMS, where oc-
cupant behavior and external weather conditions introduce significant uncertainty, even
minor modeling errors may lead to suboptimal control strategies. In order to enhance the
applications of model-based RL, future work could further explore hybrid frameworks
that fuse data-driven adaptation with physics-based models, offering a balance between
computational tractability and robustness to real-world variability. Recent studies have be-
gun addressing such challenges by integrating hybrid approaches, combining model-based
planning with deep learning techniques to improve scalability and real-world applicability.
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Figure 6. Model types occurrence (Left) and model types percentage (%) (Right) in RES-integrated
BEMS applications (2015-2025).

5.3. Agent Type

The high prevalence of multi-agent RL in RES-integrated energy systems is evident,
with approximately 40% of the evaluated studies employing MARL-based control architec-
tures (see Figure 7). This trend reflects the increasing complexity of modern building energy
frameworks, where multiple interconnected energy systems must be managed simultane-
ously. Similar to other engineering domains that require distributed optimization [135,136],
the rise of smart buildings and IoT-driven automation has further accelerated the need for
adaptive, self-learning control solutions [137].

Single-agent vs. Multi-agent Applications Occurrence Single-agent vs. Multi-agent Applications Percentage (%)

40%

20

Single-agent Multi-agent m Single-agent Multi-agent

Figure 7. Agent-based applications occurrence (Left) and agent-based applications percentage (%)
(Right) in RES-integrated BEMS applications (2015-2025).

As buildings increasingly integrate PV systems, battery storage, HVAC units,
and smart loads, optimizing their operation necessitates decentralized or distributed
decision-making to account for diverse constraints and dynamic interactions. Each of
these subsystems presents distinct operational characteristics, making MARL a compelling
solution for energy management. In a MARL framework, decentralized agents—each
representing a specific energy component—independently learn and adapt to their local
environment while collectively working toward system-wide efficiency objectives, such
as cost minimization and energy optimization [97,98,102,116,133]. Moreover, MARL is
particularly well suited for handling multi-objective trade-offs, such as balancing thermal
comfort with demand-side management or maximizing self-consumption while minimiz-
ing grid reliance [101,110,114]. The increasing availability of computational resources and
RL frameworks has further facilitated its adoption, solidifying MARL as a fundamental
methodology for managing complex, integrated energy systems. Another key advantage
of MARL is its robustness in handling uncertainties associated with RES integration. Given
the inherent variability of PV and solar thermal output due to weather conditions, MARL
enables adaptive control strategies that optimize real-time energy allocation [118,123].
Additionally, it enhances flexibility by dynamically adjusting energy use based on real-
time occupancy data, electricity pricing, or predictive demand models [100,117]. These

206



Energies 2025, 18, 1724

advantages position MARL as a crucial approach for the future of intelligent, decentralized
energy management in buildings.

According to the evaluation, value-based approaches, and more specifically, MARL
QL, represent the most commonly applied approaches found in [84,85,91,121,130] (Figure 8),
along with DQN [90,97,123]. The higher occurrence of value-based methods, particularly
QL, in research may be attributed to their straightforward implementation, off-policy nature,
and ability to handle discrete action spaces effectively. QL-based MARL frameworks,
including DQN, are widely utilized due to their sample efficiency and ease of adaptation
to decentralized learning environments. Such methods facilitate independent learning,
making them suitable for multi-agent systems where communication constraints and
non-stationarity are challenges.

Actor-critic MARL algorithms are also highly prevalent having SAC [114,115,117]
and MCTS [122,133,134] as the main representatives. SAC, in particular, is emerging as a
dominant choice due to its entropy-regularized objective, which enhances exploration and
stability in continuous action spaces. SAC'’s ability to balance exploration and exploitation
effectively makes it particularly useful in MARL scenarios with complex, high-dimensional
control tasks. Less-often applied MARL methodologies include DDPG [116], PPO [131],
and A2C [106] likely due to their sensitivity to hyperparameters and exploration inefficien-
cies in multi-agent environments.

MARL Algorithms Occurrence
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Figure 8. Multi-agent RL methodologies occurrence in RES-integrated BEMS applications (2015—
2025).

In sum, while multi-agent RL demonstrates clear advantages for complex, decentral-
ized BEMS optimization, it also introduces challenges, such as inter-agent coordination
and potential non-stationarity in multi-agent environments. In practice, heterogeneous
agents may learn conflicting objectives unless carefully designed reward structures or
consensus mechanisms are in place. Future research could focus on hierarchical agent
architectures or communication protocols that balance local autonomy with global coordi-
nation, ensuring scalable and robust energy management in increasingly interconnected
building ecosystems.

5.4. Value and Action Network Types

The fundamental distinction in MARL approaches arises from the structure of value
networks (critics) and action networks (policies), where different methodologies have
been employed to balance decentralized decision-making and global coordination. In this
subsection, we explore some of the prevailing trends in MARL applications for BEMS by
examining the structural and training paradigms of value and action networks, as well as
the implications for system-wide energy optimization.

®  Value Networks in MARL Applications: Value networks in MARL serve as the critic,
helping agents estimate the expected return for state-action pairs. Two dominant ap-
proaches emerge in the existing research: fully decentralized critics, where each agent
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maintains its own independent Q-network, and centralized critics, which leverage
global information to enhance coordination. Studies such as [84,90,91] demonstrate
that fully separate critics are advantageous when agents operate independently with
minimal reliance on global coordination. Such approaches enable robust, distributed
learning but often suffer from non-stationarity, as agents adjust their strategies inde-
pendently, causing instability in learning dynamics. In contrast, centralized critics,
as employed in [85,102,109,116,130], integrate joint state-action evaluations to improve
cooperation between agents. The ability to assess system-wide performance leads to
more stable and coordinated energy management strategies. However, such practice
may introduce scalability challenges, as sharing global state information may be com-
putationally intensive and require significant communication overhead. The trade-off
between decentralized and centralized critics is thus driven by the scale of deployment
and the necessity for real-time agent collaboration.

Action Networks in MARL Applications: Action networks—or policy networks—
determine how agents select actions. The choice between independent and coor-
dinated policy networks is crucial in defining MARL strategies for BEMS. In fully
decentralized settings, as seen in [84,90,91,97,115], each agent learns and optimizes its
policy independently, often through deep QL or actor-critic models. This method en-
sures resilience and local autonomy, allowing each agent to optimize its own objectives.
However, the lack of explicit cooperation mechanisms may lead to conflicts in decision-
making, where independent policies may not align with overall energy efficiency
goals. On the other hand, coordinated policy networks found in [85,102,116,131],
introduce mechanisms to balance local autonomy with system-wide optimization.
Such approaches often adopt a centralized training, decentralized execution (CTDE)
paradigm, allowing agents to learn with shared knowledge while maintaining inde-
pendent execution capabilities. The integration of federated RL [109] or shared reward
functions [131] further enhances cooperative learning by aligning incentives among
distributed agents without imposing direct communication constraints.

The following Figure 9 portrays the occurrence of the different structure, training and

coordination approaches in the multi-agent research works: In Figure 9-Left, the structure

and its subtypes occurrence are portrayed (one centralized critic with separate policy net-

works/fully separate critics and policies for each agent/shared critic and policy across

all agents/hybrid types); In Figure 9-Center, the training and its subtypes occurrence are

portrayed (centralized training, decentralized execution (CTDE)/fully decentralized train-

ing/fully centralized training/hybrid training); In Figure 9-Right, the coordination and its

subtypes occurrence are portrayed (implicit coordination/explicit coordination/emergent

coordination/predefined roles or hierarchical coordination).

|
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Critics/Policies Critic/Separate ~ Critic/Single

Structure Types Occurrence Training Types Occurrence Coordination Types Occurrence

Policies Policy Decentralized  Centralized CTDE Hybrid Explicit Implicit Emergent  Hieracrchical

Figure 9. MARL structure (Left), training (Center), and coordination (Right) occurrences in RES-
integrated BEMS applications (2015-2025).
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According to the measurements, to create MARL structures, the majority of works
either use a centralized critic with separate policies (7 occurrences) or fully independent
critics/policies (11 occurrences). Hybrid approaches are rarer, and no study reported here
fully shares a single critic and single policy across all agents (see Figure 9-Left). With
regard to training, the fully decentralized training and CTDE represent the most common
approaches, reflecting a desire to balance local autonomy with some centralized coordina-
tion. Mixed /hybrid training is slightly less frequent, while purely centralized training is
relatively uncommon. Last but no least, with regard to coordination, explicit coordination
and emergent coordination together cover most cases, but hierarchical / predefined-role
approaches also often appear. Only a small subset relies purely on implicit coordination
(e.g., a shared global reward or shared critic) without any direct information exchange.

5.5. Reward Function Type

In RL, the reward function represents the core mechanism that defines the agent’s
learning objective. By providing feedback on actions taken, it guides the agent toward
optimal energy management strategies. To this end, a well-designed reward function
is crucial for ensuring convergence, stability, and adaptability in RL-based control sys-
tems, particularly in building energy management, microgrid optimization, and demand-
response applications.

Across the studies reviewed in this paper, a wide variety of reward function struc-
tures have been proposed, reflecting the complexity and multi-dimensional nature of
integrated energy applications. The reviewed RL applications for RES-integrated BEMS
exhibit a variety of reward functions tailored to specific operational objectives. These
functions can be categorized broadly into several key architectures. The weighted sum
of multiple objectives is the most prevalent, employed by numerous authors, such
as [92,94,96-99,102,105-108,111-114,117-119,123,125,126,131,133,134]. These studies typ-
ically integrate diverse factors, such as energy costs, peak demand, occupant comfort,
carbon emissions, renewable energy utilization, and storage management, into a scalar
reward through tunable weights reflecting relative priorities. Such practice is highly flexible
and allows for balancing various competing objectives; however, it requires careful tuning
of weight parameters, which may result in a complicated optimization problem. Another
common formulation found in the literature concerns the penalty-based reward, seen in
the works of [84,88,93,95,103,106,120]. This type explicitly applies penalties for violating
operational constraints, occupant discomfort, or suboptimal battery and appliance opera-
tions. Such an approach may provide clear enforcement of constraints, making it useful
for safety and reliability, but harsh penalties may lead to unstable learning and overly
conservative policies. Only one study employed normalized or relative improvements
rewards, emphasizing comparison against baselines or rule-based strategies to quantify
improvements explicitly [129]. This category is relatively rare, while it portrays an effective
solution for benchmarking against predefined baselines. However, while this method
ensures meaningful progress, tracking it may struggle when baselines are not well defined
or adaptive. Furthermore, sparse reward functions calculating aggregated daily or episodic
results were adopted by [86,90,101,115,122], typically to guide agents toward long-term
optimal behaviors by focusing on overall outcomes rather than immediate feedback. This
strategy commonly requires advanced exploration strategies, slowing the learning pro-
cess. A notable sophisticated approach concerned the hierarchical or multi-agent reward
structure identified in [102,116,117,121], aiming for coordination among multiple agents
or subsystems for holistic optimization. A total of four studies were employed using this
methodology, facilitating coordinated decision-making in complex systems. Typically,
while such schemes are particularly useful in complicated BEMS, they certainly increase
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computational—and commonly, communicational—complexity and may require additional
mechanisms to prevent conflicting objectives among agents.

Figure 10 illustrates the occurrence of the different types of reward functions for the
integrated research applications. By analyzing these reward functions, it is evident that
the majority of the integrated studies prefer to employ a weighted sum architecture due
to its flexibility in adjusting the relative importance among multiple competing objec-
tives, like cost efficiency, comfort, renewable energy maximization, and system stability.
Moreover, occupant comfort consistently emerges as a critical factor, typically managed
by explicit penalty terms that strongly discourage comfort deviations, thus reinforcing
user satisfaction as a central theme [84,88,93,95,103,106,120]. Also, integration of renewable
energy self-consumption and peak load reduction consistently appear, reflecting increasing
grid responsiveness and sustainability objectives [98,111,117]. Lastly, there is a notable
increase in employing advanced RL architectures, such as multi-agent and hierarchical
methods [102,116,117,121], reflecting a trend towards more scalable, distributed, and coop-
erative control frameworks in future BEMS research.

Reward Function Types Occurrence Reward Function Type Occurrence (%)
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Rewards ® Multi-agent Reward Other

Figure 10. Reward function type occurrence in RES-integrated BEMS applications (2015-2025).

5.6. Target Output

RL applications for RES primarily focus on optimizing performance, efficiency,
and adaptability. A key objective is ensuring occupant comfort satisfaction while bal-
ancing energy consumption, as demonstrated in studies that assess comfort satisfac-
tion [91,93,98,99,119,126,132,133]. Additionally, energy savings and cost reduction serve
as major evaluation metrics, assessing the ability of RL frameworks to minimize energy
usage and operational expenses. As shown in Figure 11, these metrics appear in over 27
studies as primary justifications for RL-based optimization.

Another critical performance metric concerns RES energy capture, particularly PV
self-sufficiency and self-consumption, which evaluates how effectively RES-generated
energy is utilized on-site, minimizing reliance on external grid power. This met-
ric is observed in nine studies [84,86,92,94,98,100,119,129,131]. Grid reliance repre-
sents another essential factor, encompassing load shifting, demand response, peak
demand reduction, power balancing, and operational flexibility. Such metrics mea-
sure the ability of RL-based energy management strategies to optimize interactions
with the electricity grid. Figure 11 indicates that this metric is prevalent in over
19 cases [89,90,94,95,97,100-102,109-111,113-115,117,118,121,123,127-129,134].  Environ-
mental footprint represents another significant evaluation criterion, quantifying emis-
sions reductions and overall sustainability improvements. However, relatively few studies
explicitly incorporate this factor into their evaluation [116,133] (see Figure 11).

Additional key considerations include faster convergence, training time, computa-
tional efficiency, scalability, and data efficiency, which reflect the RL model’s ability to
learn optimal strategies quickly and effectively. Computational time is particularly relevant
for real-world feasibility, assessing whether an RL-based control approach can operate
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efficiently in practical deployments. These factors are extensively evaluated in studies
focused on model performance (model-related metrics) [89,95,106,111,115]. Other relevant
considerations include system resilience, adaptability, and compliance with regulatory
frameworks [112,121,122].

Evaluation Metrics Occurrence
30

27
-
. i
8
. - N

Energy Saving Comfort Satisfaction RES Energy Capture Grid Relaince Environmental Footprint  Model Related Metrics Other

Figure 11. Building types occurrence (Left) and percentage (%) (Right) in RES-integrated BEMS
applications (2015-2025).

Despite the clear emphasis on occupant comfort and energy savings, the practical
implementation of RL-based BEMS faces challenges arising from the trade-offs among
comfort, cost, and grid reliance. Small improvements in one metric can negatively affect
others—for instance, aggressively minimizing costs might compromise thermal comfort or
require higher grid dependency. Furthermore, the heterogeneous nature of metrics (e.g.,
environmental footprint vs. energy capture) often necessitates complex multi-objective re-
ward structures, which can exacerbate difficulties in policy convergence. Future work could
investigate adaptive weighting schemes or hierarchical RL approaches that dynamically
balance these competing performance indicators in real time.

5.7. Baseline Control

Establishing baseline control approaches is crucial for benchmarking the effectiveness
of RL-based energy management strategies. RBC portrays the most commonly used
baseline approach for comparison, accounting for more than 50% of all evaluated cases (see
Figure 12, Right). Although RBC is widely adopted, its simplistic nature makes it a limited
benchmark for advanced RL techniques. Alternative RL approaches have also been used
as baselines in nine studies [85,102,105-107,109,112,117,126], with DDPG emerging as the
most frequently applied RL-based baseline [105,107,112,117,118,126] (see Figure 12, Left).

Optimization-based methods, including Mixed-Integer Linear Programming
(MILP) [93,109,128] and MPC [95,119], have also been explored as baselines. Although less
prevalent than RBC, these techniques provide structured decision-making models that con-
trast with RL's adaptive nature. Evolutionary algorithms, such as Genetic Algorithms (GAs)
and Particle Swarm Optimization (PSO), have been employed in specific cases [104,128],
while classical control strategies, including Proportional-Integral (PI) controllers, have been
evaluated in hybrid or low-complexity implementations [103,127,131] (see Figure 12, Left).

Other alternative baseline approaches have a more limited presence in the literature.
For instance, MCTS [134] and peer-to-peer trading models [116] remain relatively under-
explored in RL-based energy management. The limited number of studies incorporating
these alternative decision-making paradigms suggests a promising direction for future
research, particularly in enhancing RL-based optimization frameworks.

While RBC is generally favored for its simplicity and ease of implementation, its
limitations reveal only a fraction of RL’s potential benefits. Robust optimization-based
methods, such as MPC, may offer more stringent benchmarks against which RL algorithms
can be compared towards the demonstration of adaptive decision-making control under
dynamic conditions. However, the relatively sparse use of advanced optimization tech-
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niques or novel approaches like MCTS indicates a gap in examining how RL truly stacks
up against best-in-class baselines. Exploring these underutilized baselines could provide
deeper insights into RL’s capacity for handling complex multi-objective and real-time
control scenarios.

Baseline Control Types Occurrence Baseline Control Types Percentage (%)
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Figure 12. Baseline control methodologies occurrence (Left) and percentage (%) (Right) in RES-
integrated BEMS applications (2015-2025).

5.8. RES Type

The dominance of PV integration over other RES types, such as SWH, WT, BIO,
GHP, in the energy mix is driven by both technological and economic factors (See Figure
13-Left). PV systems offer a cost-effective, scalable, and easily integrated solution for
buildings, whereas other RES technologies often require more extensive infrastructure,
higher maintenance, and complex operational strategies. Additionally, advancements in
battery storage and smart inverters have further enhanced the viability of PV for self-
consumption and grid interaction, reinforcing its widespread adoption. This trend suggests
that future RL research in building energy management will likely focus on advanced
PV-driven optimization strategies, including real-time demand response, predictive control
for ESS, and PV-based multi-agent coordination.

RES Types Occurrence Single-RES vs. Multi-RES Percentage (%)
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Figure 13. RES types occurrence (Left) and percentage of single-RES and multi-RES applications (%)
(Right) in RES-integrated BEMS applications (2015-2025).

The focus on Hybrid-RES (Multi-RES) configurations (See Figure 13-Right) is
closely linked to the adoption of MARL approaches, as managing multiple energy
sources requires distributed control strategies capable of optimizing energy flow dynami-
cally [84,114,123,133,134]. As smart buildings and microgrids grow in complexity, future
RL research is expected to emphasize hybrid RES frameworks, developing adaptive, scal-
able, and cooperative RL models that efficiently integrate heterogeneous energy sources,
storage solutions, and flexible loads. While PV systems understandably dominate RL-
based BEMS research due to their cost-effectiveness and straightforward deployment, this
narrow focus risks overlooking the synergies and resilience gains offered by hybrid-RES
configurations. As building energy ecosystems become more intricate, future RL solutions
must embrace multiple energy sources, exploiting their complementary generation profiles
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to enhance adaptability, reduce grid reliance, and address the nuanced trade-offs between
cost, efficiency, and occupant comfort in real-world environments.

Another key trend emerging from the evaluation of existing studies is the prevalence
of single-RES integration in building energy systems. This is primarily due to the lower
complexity and reduced implementation costs associated with optimizing a single energy
source, particularly PV. However, there is a growing interest in multi-RES (or hybrid-
RES) systems, driven by the need for greater energy flexibility, resilience, and efficiency.
Combining PV with other RES technologies, such as SWH, WT, BIO, or GHP, enhances
self-sufficiency by leveraging complementary generation profiles, mitigating the variability
of any single energy source.

5.9. BEMS Type

The analysis of existing studies highlights that PV and ESS are the most frequently
combined energy components, emphasizing their role in enhancing self-consumption, grid
independence, and energy flexibility [85,87,90,100,122,129,130] (see Figure 14). The in-
tegration of HVAC systems [102,105,106,108,109,116], as well as other smart appli-
ances [93,95,121,124], further underlines the importance of demand-side optimization,
given that heating and cooling systems contribute significantly to total energy consumption.

Although EVs have been studied less frequently in the literature, they present new op-
portunities for bidirectional energy flow through vehicle-to-grid (V2G) and vehicle-to-home
(V2H) strategies. These strategies enhance grid flexibility but also introduce challenges
related to stochastic availability and battery degradation [88,119,128] (see Figure 14). Lastly,
the integration of WT and GHP, as observed in studies such as [133,134], suggests a growing
interest in hybrid renewable energy systems. These complex multi-energy frameworks
require RL-based optimization to effectively manage energy distribution and improve
system efficiency within microgrid environments.

BEMS Combinations Occurrence
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PV/ESS PV/ESS/Other PV/ESS/HVAC PV/ESS/HVAC/Other PV/ESS/EVs PV/ESS/WT/GHP

Figure 14. BEMS combination types occurrence in RES-integrated BEMS applications (2015-2025).

While PV and ESS dominate current BEMS research, the interactions among diverse
energy assets—HVAC systems, EVs, and additional smart loads—call for more holis-
tic RL-based control strategies that capture their interdependencies. The inclusion of
EVs, in particular, necessitates tackling challenges related to battery health and uncertain
charging patterns, moving beyond purely static optimization. As building ecosystems
diversify, future RL implementations must evolve to coordinate these disparate elements,
striking a delicate balance between occupant comfort, operational complexity, and system-
wide resilience.

5.10. Building Type

The evaluation of existing studies reveals a clear dominance of residential buildings
over commercial buildings in RL applications for RES-integrated BEMS (see Figure 15,
Right). Unlike model-free control applications for HVAC systems, which are predominantly
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implemented in commercial buildings [31], the integration of RES within the energy mix is
primarily observed in residential structures.

This trend is influenced by several key factors. Residential energy management
typically involves simpler operational dynamics, making RL deployment more feasible.
Homeowners and small-scale users increasingly adopt PV systems and battery storage,
benefiting from demand-side flexibility and self-consumption optimization—both of which
RL can effectively manage. Additionally, the rise of smart home technologies and IoT-based
automation is expected to further accelerate RL adoption in residential settings.

Building Types Occurrence Building Types Percentage (%)
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Figure 15. Building types occurrence (Left) and percentage (%) (Right) in RES-integrated BEMS
applications (2015-2025).

In contrast, RL applications in commercial buildings, such as offices [98,109-112,117,118,
123,125,129], university campuses [89,99,103,108], hospitals [116], and restaurants [114,125]
(see Figure 15, Left), remain relatively limited.

The higher complexity of energy demands in commercial buildings presents challenges
for RL implementation. These environments typically involve HVAC systems, fluctuating
occupancy patterns, and strict operational constraints, all of which necessitate more ad-
vanced control strategies. Additionally, commercial buildings often employ centralized
energy management systems and rely on contract-based energy procurement, reducing the
immediate need for RL-driven optimization. However, as RL research advances, applica-
tions in commercial settings are expected to expand, particularly in areas such as large-scale
multi-zone control, grid-interactive buildings, and hybrid RES integration. In these cases,
RL has the potential to optimize load shifting, demand response, and multi-agent coordina-
tion, significantly improving energy efficiency and operational resilience.

6. Discussion

The discussion section, divided into Current Trends and Future Directions, provides a
structured reflection on key findings and their broader significance. The Current Trends
subsection distills recurring themes and predominant approaches in RL applications for
RES-integrated BEMS, offering insights into the present research focus. In Future Directions,
open research challenges and unexplored areas are identified, equipping readers with
strategic considerations for advancing both practical implementations and theoretical
developments in the field.

6.1. Trends Identification

v Dominance of value-based RL and the rise of actor-critic methods: The eval-
uation indicates that value-based RL, particularly QL, has been the most ap-
plied method due to its simplicity and effectiveness in handling discrete state-
action spaces [84,88,89,91-94,99]. However, as RL applications become more com-
plex, there is a noticeable shift toward actor-critic methods, such as TD3, DDPG,
and SAC, which are better suited for high-dimensional, continuous control prob-
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lems [105,107,113,115,117,118]. These methodologies integrate elements of building
physics to enhance learning efficiency and stability while reducing convergence fail-
ures [86,103,111]. Despite their higher computational demands, actor-critic frame-
works are emerging as a promising alternative for real-time energy optimization.
Hybrid RL for stability and reliability: A growing number of studies inte-
grate RL with complementary control techniques, such as FLC, MPC, or heuristic
RBC [104,121,127,128,131,134] (see Figure 4). This hybridization ensures that RL
agents operate within safe and reliable constraints, preventing failures in real-world
scenarios. Hybrid RL approaches seem particularly effective in energy systems with
slow thermal responses, where traditional control handles short-term fluctuations
while RL optimizes long-term performance.

Widespread adoption of multi-agent reinforcement learning (MARL) for com-
plex systems: Nearly 40 percent of studies now employ MARL to manage
complex energy ecosystems where multiple subsystems require coordinated
control [97,98,100,102,116,133] (see Figure 7). This decentralized approach enhances
adaptability to fluctuating renewable energy system generation and dynamic energy
consumption patterns. However, MARL still faces challenges, such as increased
communication overhead and coordination inefficiencies, necessitating advanced
mechanisms for agent interaction and stability [110,117,123].

Multi-objective RL for balanced decision-making: RL applications increasingly
incorporate multi-objective optimization to balance competing targets, such as
energy cost, thermal comfort, carbon emissions, and peak demand
reduction [93,101,107,110,117,118] (see Figure 12). Rather than optimizing a single
reward function, recent studies introduce weighted trade-offs and explicit con-
straints to ensure practical feasibility. Some works embed predefined comfort
or CO, emission thresholds into the learning process, aligning RL policies with
regulatory requirements.

Focus on federated, privacy-preserving, and real-time RL: An increasing number of
studies explore federated learning in RL-based BEMS, where multiple buildings train
local models and share aggregated updates instead of raw data [106,109,116]. This
approach enhances data privacy and security while supporting distributed learning.
Additionally, there is a shift toward real-time RL applications capable of responding
to changing conditions within minutes, moving beyond day-ahead scheduling toward
sub-15-minute decision cycles [103,111,131].

6.2. Future Directions

i 3

i 3

i 3

Advancing hybrid RL and algorithmic innovations: Future research should focus
on more sophisticated hybrid RL approaches that blend model-based and model-
free paradigms to enhance learning efficiency and decision robustness. Current
studies highlight the trend of combining RL with predictive models, FLC, and MDP
to mitigate convergence issues and accelerate policy adaptation [121,127,131,134].
Future advancements should ensure that RL agents leverage prior knowledge while
maintaining adaptability to unforeseen conditions.

Scalable and hierarchical MARL: As BEMS extend beyond individual buildings
to microgrids and districts, flat MARL architectures may become inefficient due to
increased communication overhead and coordination challenges. Hierarchical RL
structures, where high-level policies coordinate multiple lower-level subsystems, can
enhance scalability and stability [97,100].

Expanding storage utilization beyond batteries: While battery storage is widely stud-
ied, other forms of ESS, such as thermal mass, phase-change materials, and distributed
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heating/cooling reserves, remain underexplored (see Figure 13, Left). Future research
should focus on RL strategies that leverage thermal storage as a controllable resource,
such as pre-cooling or intelligent heat storage management [98,133].

m  Accelerating RL adaptation across buildings and climates: RL models trained for
specific buildings often struggle when transferred to different environments due to
variations in climate, occupancy, and infrastructure. Future research should develop
meta-learning and domain-adaptation techniques to enable RL agents to rapidly adjust
to new settings [90,101].

m  Ensuring safety and compliance with constraints: For RL to be widely adopted in
BEMS, safety assurances must be embedded directly into control policies. Techniques
such as constrained RL, shielded RL, and Lyapunov-based critics will be essential to
ensuring energy systems operate within predefined limits while preventing failures
and regulatory non-compliance.

m  Transition from simulations to real-world deployment: Despite significant progress
in RL-driven energy management, most studies remain confined to simulation envi-
ronments. Notably, only two works among the overall dataset implement real-life
experiments considering RL in RES-integrated BEMS. Future research must prioritize
real-world implementation with robust fallback mechanisms, ensuring safe operation
under unexpected conditions [86].

7. Conclusions

This review involved a large-scale, systematic examination of RL control strategies for
building energy management systems that integrate renewable energy system technologies
from 2015 to 2025. Unlike previous surveys, this study categorized high-impact, peer-
reviewed publications according to their RL method, building typology, and validation
methodology, thereby offering an extensive perspective on the current state of research.
Emphasis was placed on how decentralized agents coordinate in complex environments,
how data-driven exploration can be blended with physically informed techniques, and how
emerging hybrid approaches improve real-time adaptability and occupant comfort.

A key innovation of this review lies in its multi-level mapping of algorithmic structures,
agent configurations, and operational objectives, highlighting where specific RL methods
excel and where they face limitations. By linking these technical details to application
outcomes, such as cost reduction, grid flexibility, and reduced carbon footprints, this study
illuminates how RL can be practically deployed in increasingly complex building scenarios.
Moreover, the compilation of MARL architectures and their coordination mechanisms
provides actionable insights for practitioners aiming to design resilient, scalable energy
systems, while also addressing occupant comfort and regulatory constraints.

Despite such advancements, a number of refinements could further accelerate RL-
based BEMS toward large-scale practical use. Hybrid control schemes, for instance, can
merge data-driven learning with model-based or heuristic strategies to shorten convergence
times and reduce the likelihood of policy failures. Similarly, the development of enhanced
exploration strategies for multi-agent systems would further mitigate non-stationarity
and communication overhead, enabling robust coordination under dynamic conditions.
Finally, domain adaptation and transfer learning approaches offer the promise of quickly
repurposing trained policies across different building types and climates, minimizing the
effort of retraining from scratch and fostering broader adoption.

Looking ahead, the next generation of RL-enabled BEMS would benefit from hierar-
chical MARL to manage control at multiple timescales, privacy-preserving architectures
(e.g., federated RL) to facilitate data sharing without compromising user confidentiality,
and constrained RL frameworks that embed essential safety and regulatory limits into the
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learning process. By addressing such research challenges, RL-driven energy management
could transition from isolated demonstrations into wide-scale adoption, ultimately driving
more sustainable, resilient, and occupant-centric building energy systems.

Funding: This research was partially funded by the SEED4AI project. The project is being imple-
mented within the framework of the National Recovery and Resilience Plan “Greece 2.0”, with
funding from the European Union—NextGenerationEU (Implementing Body: Hellenic Foundation
for Research and Innovation (HFRI))/ID: 16880. SEED4AL https:/ /seed4ai.ee.duth.gr/ accessed on
26 March 2025.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

A2C Advantage Actor-Critic

BEMS Building Energy Management System
BIO Biomass Energy Systems

DDPG Deep Deterministic Policy Gradient
DDQN Double Deep Q-Network

D3QN Dueling Double Deep Q-Network
DHW Domestic Hot Water

DON Deep Q-Network

DR Demand Response

DRL Deep Reinforcement Learning

ESS Energy Storage System

EVs Electric Vehicles

FLC Fuzzy Logic Control

GA Genetic Algorithm

GHP Ground Heat Pump

HEMS Home Energy Management System
HP Heat Pump

HVAC Heating, Ventilation, and Air Conditioning
LS Lighting System

LSTM Long Short-Term Memory

MARL Multi-Agent Reinforcement Learning
MCTS Monte Carlo Tree Search

MDP Markov Decision Process

MPC Model Predictive Control

ANN Artificial Neural Network

NZEB Net-Zero Energy Building

PAR Peak-to-Average Ratio

PV Photovoltaic

QL Q-Learning

RBC Rule-Based Control

RES Renewable Energy System

RL Reinforcement Learning

SAC Soft Actor-Critic

SWH Solar Water Heating

TD3 Twin Delayed Deep Deterministic Policy Gradient
TSS Thermal Storage System

V2G Vehicle-to-Grid

V2H Vehicle-to-Home

WT Wind Turbine
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