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Abstract

Thermostatically controlled appliances are major electricity consumers in residential build-
ings, yet conventional home energy management systems (HEMSs) often model them as
fixed-power loads, neglecting thermal dynamics. This paper presents a multi-objective
HEMS that integrates the NSGA-III evolutionary algorithm with physics-based thermal
models, data-driven meteorological forecasting, and electric vehicle smart charging (unidi-
rectional, grid-to-vehicle) considering battery degradation. Air-conditioning demand is
estimated using a resistance—the capacitance thermal model of the room, while tankless
water-heater demand is calculated from the required temperature rise. Both models are
driven by weather forecasts generated using a stacking ensemble of three deep learning
models. User preferences are represented through a comfort matrix, while rooftop pho-
tovoltaic (PV) generation and hourly grid carbon emission factors are incorporated. The
HEMS simultaneously minimizes daily electricity cost and CO2 emissions while maximiz-
ing user comfort over a 24 h horizon under two time-of-use tariff schemes. The results show
that under the Brazilian White Tariff, the knee-point solution reduces the daily electricity
cost by 27.1% and the emissions by 28.3% with respect to a non-optimized household while
keeping 90.2% of the theoretical maximum comfort; within the Pareto front, the minimum-
cost solution costs 22.2% less than the maximum-comfort schedule. The minimum-emission
solution reduces emissions to about 1.09 kgCO2eq/day, and PV self-consumption rises
from 50.7% to 94.0%, while grid import in the peak tariff block falls by 67%.

Keywords: home energy management system; artificial intelligence; thermal modeling;
time-of-use tariff; electric vehicle; user comfort

1. Introduction
The residential sector accounts for a substantial and growing share of electricity con-

sumption worldwide, and the electrification of end uses combined with the expansion
of distributed photovoltaic (PV) generation is reshaping the daily demand profile of low-
voltage grids [1,2]. In Brazil, distributed generation has grown rapidly under net-metering
rules, while time-of-use retail tariffs—locally known as the White Tariff—remain com-
paratively simple with a single evening peak block [3]. In this context, home energy
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management systems (HEMS) that schedule household appliances in response to price sig-
nals, on-site generation and user preferences are a key enabling technology for demand-side
flexibility [4–6].

A large body of work formulates residential load scheduling as a single- or multi-
objective optimization problem solved with metaheuristics, mixed-integer programming
or model predictive control [7–10]. However, two simplifications are still common. First,
thermostatically controlled appliances—air conditioners and water heaters, which domi-
nate the residential load in warm climates [11]—are frequently modeled as fixed-power
blocks, even though their instantaneous demand depends on the outdoor temperature, the
thermal inertia of the building envelope and the desired set-points [12,13]. Ignoring this
coupling biases both the estimated cost of a schedule and the resulting demand profile.
Second, user comfort is often reduced to allowable time windows, whereas empirical usage
patterns provide a richer, probability-based description of when occupants actually prefer
to run each appliance [14].

Recent studies have begun to close these gaps. Wang et al. [13] combined a resistance–
capacitance (RC) building model with day-ahead appliance scheduling for PV/T-powered
buildings and showed that ambient temperature dominates the indoor thermal response.
Fiorotti et al. [14] introduced a comfort matrix built from historical usage frequencies and
coupled thermal and electrical energy management in smart homes with photovoltaic–
thermal collectors, later extending the approach to include electric-vehicle integration
and emission objectives [15]. Luo et al. [16] addressed many-objective scheduling with
stochastic occupant behavior. Nevertheless, the combined effect of (i) physics-based thermal
load models, (ii) probability-based comfort quantification, (iii) PV self-consumption under
asymmetric injection compensation, and (iv) the sensitivity of the resulting schedules to
the temporal granularity of the tariff has, to the best of our knowledge, not been analyzed
jointly for a single-family smart home under Brazilian regulatory conditions.

The increasing penetration of electric vehicles (EVs), driven by their potential contribu-
tion to transport-sector decarbonisation and their lower relative energy cost per kilometer
traveled, is also expected to increase the electricity demand of residential buildings. As
EV charging becomes increasingly integrated into residential electricity consumption, it
may introduce additional demand and temporal variability into household load profiles,
reinforcing the need for effective energy management strategies capable of coordinating
electricity consumption with local renewable generation and user requirements [17].

This paper addresses that gap. A multi-objective HEMS is developed in which the
NSGA-III evolutionary algorithm [18] schedules controllable and thermal loads over a 24
h horizon, simultaneously minimizing the daily energy cost and maximizing a comfort
index derived from the Brazilian national appliance-usage survey [19]. The air conditioner
is represented by a RC thermal network of the room envelope, where the wall is rep-
resented by a 3R2C model, while heat transfer through the window is represented by a
thermal resistance with negligible thermal capacitance. The indoor air is represented by
thermal capacitance. The resulting integrated network comprises four thermal resistances
and three thermal capacitances (4R3C) with three state variables corresponding to the
temperatures of the inner and outer wall layers and the indoor air [13], parameterized
with construction properties representative of Brazilian dwellings [20], and the tankless
water heater is modeled from the thermodynamic power required to reach the target outlet
temperature given the seasonal inlet temperature. Rooftop PV generation is estimated
from measured irradiance and temperature data, and the cost function follows current
Brazilian net-metering rules, in which injected energy is compensated at a lower rate than
consumed energy [3].
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1.1. Related Works

Recent advances in HEMSs have focused on integrating photovoltaic generation, de-
mand response, and optimization-based load scheduling to reduce energy costs, peak
demand, and grid dependency while improving user comfort. Although numerous opti-
mization techniques have been proposed, most studies model thermostatically controlled
appliances as fixed-power loads and represent user comfort through simplified scheduling
constraints, neglecting the influence of building thermal dynamics, weather conditions, and
realistic user behavior [21]. Consequently, there remains a need for HEMS frameworks that
jointly integrate physics-based thermal models, probabilistic user preferences, and multi-
objective load scheduling. Therefore, this section reviews the most relevant studies, identi-
fies the existing research gaps, and highlights the contributions of the proposed approach.

Early studies primarily focused on shifting the operation of flexible appliances under
time-of-use (TOU), real-time pricing (RTP), and critical peak pricing (CPP) tariffs. For
example, Laicane et al. [22] proposed a scheduling strategy for washing machines and
dishwashers that reduced residential peak demand by approximately 24%. Heleno et al. [23]
demonstrated that the coordinated scheduling of multiple households can provide ancillary
services to the distribution network, while Abreu et al. [24] introduced the AnyPLACE
platform, employing mixed-integer linear programming (MILP) to coordinate residential
appliances, air-conditioning systems, and water heaters, simultaneously reducing electricity
costs and increasing PV self-consumption.

Mathematical programming approaches were widely adopted in the early devel-
opment of residential load scheduling. Mixed-integer linear programming (MILP) has
been extensively employed because of its ability to accurately model appliance operating
constraints, including minimum operating times, scheduling windows, and binary oper-
ating states [25]. For instance, Erdinc et al. [26] proposed an MILP-based HEMS under
dynamic electricity pricing, demonstrating significant reductions in daily electricity costs
through the coordinated scheduling of residential energy resources. Although mathe-
matical programming methods provide optimal solutions for linear formulations, their
computational complexity increases considerably as the number of decision variables,
operational constraints, and nonlinear models grows, limiting their applicability to more
realistic HEMS formulations.

Consequently, metaheuristic optimization algorithms have become increasingly popu-
lar for residential load scheduling due to their ability to efficiently solve highly nonlinear
and combinatorial optimization problems. Algorithms such as genetic algorithms (GAs),
Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and their variants
have been successfully applied to coordinate household appliances under different elec-
tricity pricing schemes [27–29]. More recently, hybrid optimization approaches combining
complementary metaheuristics have been proposed to improve the balance between explo-
ration and exploitation of the search space, leading to higher-quality solutions and faster
convergence [30].

Multi-objective metaheuristics are particularly well suited for solving HEMS problems
involving conflicting objectives, such as minimizing electricity costs while maximizing user
comfort. Unlike single-objective optimization methods, these algorithms generate a set of
non-dominated solutions, known as the Pareto front, allowing users to select the operating
point that best matches their preferences. Dehghani et al. [31] proposed a multi-objective
HEMS integrating photovoltaic generation and distributed energy resources, where an
enhanced Biogeography-Based Optimization algorithm was employed to simultaneously
minimize operating costs and maximize the load factor. Similarly, Terci-Flores et al. [32]
adopted a multi-objective formulation to balance electricity cost and user comfort through
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a genetic algorithm, demonstrating the effectiveness of Pareto-based optimization for
residential load scheduling.

The effectiveness of any HEMS optimization algorithm strongly depends on the
accuracy of the appliance models adopted. Residential loads are commonly classified
into non-controllable, deferrable, and thermostatically controlled loads (TCLs). While
deferrable appliances exhibit nearly constant power demand and flexible operating periods,
TCLs—including air conditioners and electric water heaters—present electricity consumption
that depends on weather conditions, building characteristics, and user-defined temper-
ature set-points. Nevertheless, many existing HEMS still represent these appliances as
constant-power loads, considerably simplifying the optimization problem but introducing
inaccuracies in demand estimation and operating cost calculation.

To overcome this limitation, recent studies have incorporated physics-based ther-
mal models into HEMS to more accurately represent the dynamic behavior of TCLs.
Wang et al. [13] integrated a resistance–capacitance (RC) building model into a day-ahead
HEMS, demonstrating that ambient temperature and the thermal inertia of the building
significantly influence the energy consumption of air-conditioning systems. Similarly,
Fiorotti et al. [14] proposed a multi-objective HEMS that combines an RC-based building
model with a thermodynamic model of electric water heaters, enabling a more realistic
estimation of the energy consumption of thermal loads. This framework was subsequently
extended to incorporate additional optimization objectives while preserving the same
thermal modeling approach [15].

The active scheduling of TCLs is complementary to passive improvements in the
building envelope. Phase change materials (PCMs) integrated into walls, ceilings, and
plasters store and release latent heat within a narrow temperature range, increasing the
effective thermal capacitance of the envelope, attenuating indoor temperature swings, and
delaying the peak of the cooling load [33]. Recent phase change composites combine high
latent-heat storage with tunable thermal conductivity and shape stability, which broadens
their use in thermal management [34]. From the HEMS perspective, PCM-enhanced
envelopes and thermal insulation enlarge the time window in which the air-conditioning
load can be shifted without compromising indoor comfort, because the stored cold is
released when the unit is off. In a lumped RC model such as the one adopted in this work,
these effects are represented by larger wall capacitances (Cm,in, Cm,out) and resistances (Rm),
so that envelope retrofits and load scheduling can be co-optimized in the same framework;
this possibility is discussed as future work in Section 5.

In addition to accurately modeling the physical behavior of TCLs, preserving user
comfort remains one of the principal challenges in residential energy management. Early
studies represented comfort through predefined operating windows or indoor temperature
limits, which guarantee minimum service requirements but fail to represent occupants’
habitual appliance usage. Consequently, more recent studies have formulated comfort as
an explicit optimization objective. Terci-Flores et al. [32] demonstrated that simultaneously
optimizing electricity cost and user comfort produces more balanced residential load
schedules than purely cost-oriented formulations.

Recent research has further improved HEMSs by incorporating probabilistic and
stochastic representations of occupant behavior. Rocha et al. [35] introduced a comfort ma-
trix obtained through k-means clustering of appliance usage data, while Fiorotti et al. [36]
proposed a probabilistic comfort model based on historical appliance usage frequencies,
allowing user preferences to be naturally incorporated into the optimization process with
low computational complexity. Luo et al. [16] further extended this concept by proposing a
stochastic occupant behavior model based on Markov chains and the Metropolis–Hastings
algorithm, explicitly distinguishing the operating characteristics of thermostatically con-
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trolled and deferrable loads while accounting for the uncertainty associated with residential
appliance usage.

In addition to realistic appliance and occupant modeling, the performance of day-
ahead HEMSs strongly depends on the accuracy of the forecasted input variables, particu-
larly solar irradiance, ambient temperature, and residential electricity demand. Since load
scheduling decisions are computed using predicted rather than actual operating conditions,
forecasting errors propagate directly to the optimization process, affecting the estimation
of photovoltaic generation, thermal load consumption, electricity costs, and user comfort.
Consequently, the development of accurate forecasting models has become an important
research topic for improving the reliability and effectiveness of day-ahead HEMSs.

Forecasting approaches for photovoltaic generation can generally be classified into
physical, statistical, and data-driven methods. While physical and statistical models have
been successfully applied to day-ahead forecasting, recent studies have demonstrated
that deep learning techniques, particularly Long Short-Term Memory (LSTM) networks
and hybrid CNN–LSTM architectures, achieve superior predictive performance by cap-
turing the nonlinear relationships between historical generation data and meteorological
variables [37–39]. These improvements significantly reduce forecasting errors, leading to
more reliable day-ahead scheduling decisions.

Although significant advances have been made in thermal load modeling, occupant
behavior representation, and forecasting, these aspects are often addressed independently.
Most HEMSs still simplify at least one key component, such as TCL modeling, user comfort,
or forecasting uncertainty. Therefore, there remains a need for integrated HEMS frame-
works that jointly combine physics-based thermal models, realistic occupant behavior,
accurate day-ahead forecasting, and multi-objective optimization.

Another important gap is the consideration of battery degradation, whether in con-
ventional or EV batteries, as it directly affects the costs and emissions associated with SHs.
In this context, Dias de Lima et al. [40] proposed an MILP model for HEMS optimization
considering battery cycle degradation. The model accounts for different battery operating
patterns and their impacts on cycle aging while considering PV generation, energy storage,
and load shifting. The results showed that the proposed HEMS can eliminate energy
purchases during peak hours and achieve energy cost reductions of up to 26.56%.

With the growing adoption of EVs, using their batteries to provide flexibility to
HEMSs is an increasingly promising solution, since the battery has already been acquired
for mobility purposes, avoiding significant additional investment. However, this approach
increases HEMS complexity because the battery can interact with the SH only when the EV
is connected, the charger may support either unidirectional charging or bidirectional V2G
operation, battery degradation and its associated costs and emissions must be considered,
and sufficient SOC must be maintained to meet the user’s mobility requirements [17].
Huy et al. [41] proposed a supervised learning-based HEMS approach to minimize energy
costs through a mixed-integer linear programming (MILP) formulation. The proposed
framework integrates load scheduling, battery energy storage, an EV with a bidirectional
charger, and photovoltaic (PV) generation.

To the best of the authors’ knowledge, no prior work simultaneously integrates physics-
based building envelope RC thermal modeling, thermodynamic electric shower modeling,
empirical comfort matrices derived from national survey data, and multi-horizon meteoro-
logical forecasting within a unified multi-objective evolutionary load scheduling framework.
Finally, Table 1 summarizes the main characteristics of related works in the literature.
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Table 1. Comparison between similar works in the literature.

Ref. Technique Objective Function LS UC TCL DP PV EV BD

[9] Stochastic MILP Cost ✓ ✓ ✓ X ✓ X X
[13] MILP Cost and peak reduction ✓ X ✓ X ✓ X X
[14] NSGA-III + NARX Cost and UC ✓ ✓ ✓ ✓ ✓ X X
[16] NSGA-III Cost, emissions and RI ✓ X ✓ ✓ X X X
[22] - Peak reduction ✓ X X X X X X
[23] MILP Flexibility and reserve ✓ ✓ ✓ ✓ X X X
[25] MILP Cost and peak reduction ✓ X ✓ X ✓ ✓ X
[26] MILP Cost minimization ✓ ✓ ✓ X ✓ ✓ X
[27] Robust optimization Cost minimization ✓ X X X X X X
[28] HEM control algorithm Cost and peak reducion ✓ ✓ X X ✓ X X
[29] HEMS algorithm Cost and peak limitation ✓ ✓ X X ✓ X X
[30] Hybrid-integer Cost, peak reduction and UC ✓ ✓ X X X X X
[31] IBBO Cost and energy management ✓ X X X ✓ ✓ X
[32] Genetic algorithm Cost and UC ✓ ✓ X X ✓ X X
[35] NSGA II Cost and UC ✓ ✓ X ✓ ✓ X X
[40] MILP Cost minimization ✓ X X X ✓ X ✓
[41] MILP + supervised learning Cost minimization ✓ X X ✓ ✓ ✓ X
Our NSGA-III + Stacking Cost, emissions and UC ✓ ✓ ✓ ✓ ✓ ✓ ✓

LS—Load Scheduling; UC—User Comfort; TCL—Thermostatically Controlled Load; DP—Data
Prediction; PV—Photovoltaic; EV—Electric Vehicle; BD—Battery Degradation; RI—Ramping Index;
IBBO—Improved Biogeography-based Optimization Algorithm.

1.2. Our Contributions

To address the limitations identified in the literature, this paper proposes an advanced
multi-objective home energy management system that holistically couples a physics-based
thermal modeling of the building envelope and thermostatically controlled loads, data-
driven multi-horizon meteorological forecasting, empirical user comfort modeling, and
electric vehicle battery storage with rooftop solar PV generation. There are five main
contributions of this work:

1. A tri-objective HEMS formulation that embeds physics-based RC and thermodynamic
models of thermostatically controlled loads directly inside the fitness evaluation of
the NSGA-III evolutionary algorithm, simultaneously optimizing daily electricity cost,
occupant comfort, and greenhouse gas emissions (CO2);

2. The integration of an interpretable multi-horizon meteorological forecasting frame-
work based on a stacking ensemble of LSTM, TCN, and TFT deep learning architec-
tures to feed accurate 24-step day-ahead ambient temperature and solar irradiance
predictions into the thermal and PV models;

3. The coordination of electric vehicle battery storage (EVESS), operated as unidirec-
tional smart charging (G2V), with rooftop photovoltaic generation under Brazilian
Law 14300/2022 net-metering compensation rules, enabling automated peak-shaving,
valley-filling, and PV self-consumption maximization;

4. A comprehensive 3D Pareto frontier and 2D projection analysis under both the Brazil-
ian White Tariff (TOU-1) and an adapted multi-tier tariff (TOU-2), quantifying the
trade-offs across four representative operating policies: Minimum Cost (S1), Knee
Point (S2), Maximum Comfort (S3), and Minimum Emission (S4), complemented
by a comparison with a non-optimized household operation (S0), a comparison be-
tween NSGA-III and NSGA-II under the same computational budget, and a sensitivity
analysis to tariff levels, forecast errors, and thermal parameters; and

5. Detailed empirical analysis of load-class behavior, showing that thermal loads are
scheduled primarily according to comfort setpoints and outdoor thermal gradients,
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while shiftable appliances and EV storage provide demand flexibility in response to
price signals and emission factors.

The remainder of the paper is organized as follows. Section 2.1 details the sys-
tem architecture, tariff, thermal, PV, user-behavior, and optimization models. Section 3
presents and discusses the simulation results. Section 4 discusses the practical implications
and methodological limitations, while Section 5 concludes the paper and outlines future
research directions.

2. Materials and Methods
2.1. System Architecture

The proposed HEMS manages the energy consumption of a single-family SH equipped
with a rooftop PV generation system (Ppv). The household loads are classified into three cat-
egories: conventional controllable or shiftable appliances (Pc), thermostatically controlled
appliances (Pt), and non-controllable loads (Pnc). The latter are aggregated into a single
meter to reduce instrumentation complexity, as can be seen in Figure 1.

Figure 1. Architecture proposed for the HEMS. PV: photovoltaic system; P: power; SH: smart
home; NC: non-controllable; T: thermal; C: controllable. The EV charger operates in unidirectional
grid-to-vehicle (G2V) mode.

The SH illustrated in Figure 1 is composed of eleven electrical buses: one dedicated to
the aggregated non-controllable loads and ten individually connected to the controllable
and thermal appliances, enabling each schedulable device to be independently monitored
and switched. The number of daily cycles and the cycle duration of each controllable
appliance are listed in Table 2. All appliances are assumed to operate at constant nominal
power during their cycles with the exception of the air conditioner Par and the tankless
water heater Ps: being thermal loads, their power varies with the outdoor conditions and
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the thermal characteristics of the building, and dedicated models (Sections 2.5.1 and 2.5.2)
are embedded in the fitness evaluation.

Table 2. Load definition, nominal power (P), cycle duration (cd), fraction of each operating hour in
which the appliance draws its nominal power (pcd), and number of daily cycles (n).

Appliance Class P (W) cd (h) pcd n

AC Bedroom Thermal Par 6 1 1
AC Suite Thermal Par 8 1 1
Washing Machine Controllable 1550 1 1 1
Electric Oven Controllable 920 1 0.5 1
Dishwasher Controllable 2500 1 0.25 1
Electric Iron Controllable 1500 1 0.25 1
Clothes Dryer Controllable 2000 1 0.5 1
Ceiling Fan Controllable 75 6 1 1
Floor Fan Controllable 75 6 1 1
Electric Shower Thermal Ps 1 0.25 5

Nominal powers and usage statistics follow the Brazilian appliance-ownership survey [19].

The parameter pcd is the fraction of each scheduled one-hour interval during which the
appliance actually draws its nominal power (an hourly duty factor). It does not change the
number of scheduled hours, which is always n · cd (Equation (34)), but it scales the energy:
the energy of one cycle of a constant-power appliance is P · cd · pcd, and its mean power in
a scheduled hour is P · pcd (Equation (31)). For example, each dishwasher cycle consumes
2500× 1× 0.25 = 0.625 kWh and each electric-oven cycle 920× 1× 0.5 = 0.46 kWh. For the
electric shower, pcd = 0.25 means that each of the five daily showers lasts 15 min, during
which the heater draws the weather-dependent power Ps of Section 2.5.2; the shower
energy in a scheduled hour is therefore 0.25 · Ps(i)× 1 h. The appliances with cd > 1 (air
conditioners and fans) operate for cd consecutive hourly intervals, which may wrap around
midnight (e.g., 22:00–04:00).

The optimization engine is the NSGA-III algorithm [18] formulated with three simulta-
neous objective functions: (i) total daily electricity cost (ce), to be minimized; (ii) user com-
fort index (Uc), to be maximized; and (iii) total daily greenhouse gas emissions (ECO2), to
be minimized. NSGA-III is chosen due to its structured reference-point mechanism, which
maintains uniform solution spread across high-dimensional and non-convex Pareto fronts
without suffering from loss of selection pressure. In NSGA-II [42], diversity is preserved by
the crowding distance, which is known to lose effectiveness as the number of objectives
grows, because a large share of the population becomes mutually non-dominated and the
crowding distance no longer spreads the solutions uniformly along the front [18,43]; with
three objectives, the problem lies at the boundary of this regime, and the two algorithms
are compared under the same computational budget in Section 3.11. Each chromosome
encodes the operational start times of the schedulable appliances (14 decision variables,
one per daily cycle in Table 2: 9× 1+ 5 = 14) and the continuous charging power trajectory
of the EVESS (9 decision variables: the charging fraction Pcd of each of the eight 3 h periods
of the day and the initial state of charge SOCini), resulting in a total of 23 decision variables
(nvar = 23). Each start-time gene is a real number in (0, 24] rounded up to the start interval
of the cycle. Linear crossover combines parental chromosomes through random weighting
factors, and Gaussian mutation perturbs selected decision variables with normally dis-
tributed perturbations. Mutated genes are constrained to the physical operating horizon of
1–24 h, ensuring feasibility across all generations.
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2.2. User-Behavior Model and Comfort Matrix

User preferences are encoded following the comfort-matrix approach of Fiorotti et al. [14].
The probability that appliance j is in use during interval i is estimated from usage-frequency
data of the Brazilian appliance-ownership and usage survey [19]:

f (i, j) =
Nhn(i, j)

∑Ni
i=1 Nhn(i, j)

, (1)

where Nhn(i, j) counts how many times appliance j was switched on in interval i and
Ni = 24 is the number of daily intervals. Figure 2 illustrates the construction of the comfort
matrix with a synthetic example.

Figure 2. Methodological construction of the comfort matrix: (a) raw usage counts from national
survey data; (b) frequency normalization via Equation (1); (c) resulting two-dimensional comfort
probability profile.

Figure 3 displays the complete three-dimensional comfort matrix fi,j generated for all
ten controllable household appliances across the 24 h of the day. The matrix encapsulates
clear habit-driven usage peaks: laundry and kitchen appliances (washing machine, dish-
washer, electric oven, clothes dryer) exhibit distinct morning (07:00–10:00) and evening
(18:00–21:00) usage concentrations, whereas cooling appliances (air conditioners and fans)
peak during late afternoon and nocturnal sleeping intervals.

The matrix f (i, j) plays two distinct roles. For controllable and thermal loads, it acts
as the comfort matrix, steering the optimizer toward operating hours aligned with the
occupants’ habits. For non-controllable loads, it is used directly as a temporal distribution
profile, allocating their fixed daily consumption across the day according to the observed
usage probability. In this study, the national average usage pattern of 2019 is adopted;
in a real deployment, the matrix would be learned from the smart-home measurements
themselves, as indicated in Figure 1, which would personalize the comfort signal without
any change to the optimization framework.
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Figure 3. Three-dimensional comfort matrix showing the hourly usage probability ( fi,j) for all ten
controllable residential appliances over the 24 h horizon derived from the Brazilian national appliance
survey [19].

2.3. Forecasting Methodology

The data used in this study consist of hourly meteorological observations recorded
by the INMET automatic weather station, located in the municipality of São Mateus,
Espírito Santo, Brazil (18.676° S; 39.864° W; altitude of 28.66 m). The historical series
spans from 1 January 2023 to 31 December 2025, totaling 26,304 hourly records with a
continuous temporal sequence. A small fraction of the records contained missing values,
which were treated as described below. The variables collected include precipitation,
atmospheric pressure, global solar radiation, dry-bulb air temperature, relative humidity,
wind direction and speed, and maximum wind gust. In this work, two variables were
defined as forecasting targets: air temperature (◦C) and global solar radiation (kW m−2).

The preprocessing stage followed four sequential procedures, applied independently
for each target variable, since the derived features (lags and rolling statistics) depend on the
target under consideration: (i) Temporal linear interpolation to fill sporadic gaps, which
correspond to approximately 0.3% of the records for the numerical variables; (ii) Outlier
treatment via interquartile-range (IQR) winsorization with bounds set at 1.5 × IQR below
the first quartile and above the third quartile; (iii) Cyclical encoding (sine/cosine) of
hour-of-day and month-of-year to properly represent daily and annual seasonality without
discontinuities at cycle boundaries; (iv) Autoregressive feature construction—lags of 1,
3, 6, 12, and 24 h and rolling statistics (mean and standard deviation) over 3, 6, and 12 h
windows—computed on the target variable itself. After discarding the initial observations
lost to the lag-feature generation, each resulting dataset contains 23 predictor features,
including the original meteorological variables, the cyclical time components, and the
autoregressive features.

The task was formulated as a multivariate, multi-step-ahead forecasting problem:
given a 24 h window of past observations (containing all predictor variables), the models
estimate the target variable for the subsequent 24 h (h + 1 to h + 24). All features were
standardized (zero mean, unit variance) with scaling parameters estimated exclusively on
the training set. The data were split strictly in chronological order—without shuffling—
into 70% training, 15% validation, and 15% test subsets, preserving temporal order and
preventing information leakage from the future.
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Three individual models and one combination model were evaluated with the latter
consisting of a stacking ensemble integrating the three individual models. The first model
is a recurrent network composed of two stacked bidirectional LSTM [44,45] layers (48 and
24 units, respectively), which is followed by an additive attention mechanism that weighs
the contribution of each time step in the input window before aggregating it into a context
vector. The context vector is processed by a dense layer (GELU activation) and linearly
projected onto the 24 output steps.

The second model is a Temporal Convolutional Network (TCN) [46] composed of four
residual blocks with kernel size 3 and exponentially increasing dilation rates (1, 2, 4, and 8),
yielding a wide receptive field while preserving temporal causality. Each block combines
two dilated causal convolutions, spatial dropout, and a residual connection. The output is
aggregated via global average pooling and projected onto the 24 forecast steps.

The third model is a compact adaptation of the Temporal Fusion Transformer
(TFT) [47], combining a Gated Residual Network (GRN) for variable selection, an LSTM
layer for local sequential modeling, and a multi-head self-attention layer for capturing
long-range dependencies. The representation at the last time step, after a second GRN and
layer normalization, is projected onto the 24 output steps.

The combination model follows the classical stacked generalization framework [48], in
which the final forecast is produced by a linear meta-learner fitted on the base models
(LSTM, TCN, TFT) predictions on the validation set. One independent ordinary-least-squares
regression is fitted per forecast-horizon step h (h = 1, . . . , 24):

ŷ[·, h] = wLSTM[h] fLSTM[·, h] + wTCN[h] fTCN[·, h] + wTFT[h] fTFT[·, h] + b[h] (2)

where fi[·, h] is model i’s prediction for horizon h, and wi[h] and b[h] are, respectively, the
coefficient assigned to model i and the intercept at horizon h, which are both estimated by
least squares on the validation set. At test time, the same per-horizon weights are applied
to the models test-set predictions to obtain the final forecast. Because the meta-learner is
linear and horizon-specific, its coefficients are directly interpretable: they quantify each
model’s relative contribution to the ensemble at each lead time.

All models were implemented in Keras 3/TensorFlow 2 and trained with the Adam
optimizer (learning rate of 1× 10−3), a Huber loss (δ = 1.0), and a batch size of 256 sam-
ples. Early stopping (patience of 6 epochs, monitoring validation loss, with best-weight
restoration) and adaptive learning-rate reduction (factor of 0.5, patience of 3 epochs) were
employed with a maximum of 25 training epochs per expert. The stacking meta-learner
(Equation (2)) was fitted with ordinary least squares (scikit-learn’s LinearRegression)
on the models validation-set predictions, requiring no gradient-based training. The full
pipeline preprocessing, training of the three experts, and fitting of the stacking weights
was executed independently for each target variable (temperature and radiation), using the
same random seed (seed = 42) to ensure reproducibility.

Model performance was evaluated on the test set, jointly considering all 24 steps of the
forecast horizon, using four complementary metrics: MAE (mean absolute error), RMSE
(root mean squared error), R2 (coefficient of determination), and MAPE (mean absolute
percentage error). The best-performing model for each metric is the one that minimizes
MAE, RMSE, and MAPE and maximizes R2. The MAPE was computed over all observations
as MAPE = 100 mean(|y− ŷ|/(|y|+ ε)) with ε = 10−3 kW/m2 to avoid division by zero.
For solar radiation, about 44% of the test observations are night-time zeros, for which any
residual error of a few W/m2 is divided by ε, so the full-horizon MAPE of radiation is
dominated by these observations. For this reason, the radiation metrics are also reported for
daylight hours only, defined as the observations with measured G ≥ 0.05 kW/m2, together
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with the weighted absolute percentage error, WAPE = ∑ |y− ŷ|/ ∑ |y|, which does not
diverge for small observed values.

2.4. Tariff Model

Two time-of-use scenarios are simulated. The first adopts the Brazilian White Tariff as
published by the local utility (EDP Espírito Santo) for 2026, which defines off-peak, inter-
mediate and peak blocks concentrated in the late afternoon and early evening (Figure 4a).
The second scenario keeps the same monetary values of the three blocks but redistributes
them over the day following the more segmented tariff profile of Shenzhen, China, as
used by Wang et al. [13] (Figure 4b). This “adapted tariff” emulates the direction in which
time-of-use pricing is expected to evolve as renewable penetration grows, and it allows the
sensitivity of the scheduler to tariff granularity to be isolated from the price level itself.

The hour ranges and prices of both scenarios are listed in Table 3, where interval i
denotes the local hour [i− 1, i); the same convention is used for the weather, emission, and
load series. In TOU-1, the peak block covers intervals 18–20 (17:00–20:00) at BRL 1.42/kWh,
the intermediate block covers intervals 17 and 21 at BRL 0.96/kWh, and the remaining
19 intervals are off-peak at BRL 0.67/kWh, so that the peak-to-off-peak ratio is 2.12. Energy
injected into the grid is credited at BRL 0.26/kWh in the off-peak and intermediate blocks
and at BRL 0.44/kWh in the peak block.

Table 3. Time-of-use blocks and prices adopted in the simulations (BRL/kWh). The same three price
levels are used in both scenarios.

Block TOU-1 Intervals i TOU-2 Intervals i Consumption/Injection

Off-peak 1–16, 22–24 1–7, 24 0.67/0.26
Intermediate 17, 21 8–9, 12–13, 19–23 0.96/0.26
Peak 18–20 10–11, 14–18 1.42/0.44

(a)

(b)

Figure 4. Hourly tariff profiles considered in the simulations: (a) Brazilian White Tariff (EDP Espírito
Santo, 2026); (b) adapted tariff with the same price levels redistributed according to the Shenzhen
time-of-use structure [13].
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In both scenarios, the compensation rate applied to energy injected into the grid is
lower than the consumption tariff. This asymmetry follows Brazilian Law 14300/2022 and
ANEEL Normative Resolution 1059/2023, which progressively deduct the distribution-wire
component (“Fio B”) from the credits granted to prosumers [3].

2.5. Thermal Load

Thermal loads are modeled separately from conventional controllable appliances
because their electrical power depends on the thermal conditions of the smart home and
the user-defined comfort requirements. In the proposed HEMS, the thermal loads comprise
the air conditioners and the tankless water heater, whose power consumption is determined
dynamically during the evaluation of each candidate scheduling solution. Accordingly, the
total thermal-load power at each time interval k is given by

Pt(i) = Par(i) + Ps(i), (3)

where Par and Ps denote the electrical power consumed by the air conditioners and the
tankless water heater, respectively. The following subsections describe the thermal models
adopted to determine these power demands.

2.5.1. Air-Conditioner Model

The air conditioner is treated as a thermal load whose electrical demand depends on
the indoor–outdoor temperature difference and on the thermal inertia of the room envelope.
An RC thermal network [12,13] represents the indoor air, the inner and outer wall surfaces
and the outdoor environment (Figure 5): thermal resistances describe the opposition to
heat transfer across the wall, the window glazing and the convective films, while thermal
capacitances describe the energy storage of the wall mass and the indoor air. The network
has four thermal resistances (Rin, Rm, Rout, and Rw) and three thermal capacitances (Cm,in,
Cm,out, and Ca); i.e., it is a 4R3C network whose three states are the temperatures of the
two wall layers and of the indoor air; this is the network implemented and used in all
results. Cm,in and Cm,out represent the heat stored in the inner and outer halves of the
opaque wall (masonry and plaster), Ca represents the indoor air together with the light
furniture of the room, Rin and Rout are the indoor and outdoor convective films, Rm is the
conduction through the wall, and Rw is the direct path through the window glazing, which
has negligible heat capacity. The parameter values, the initial conditions, and the COP of
the unit are listed in Table 4; the heat flow Qa in Figure 5 is the thermal power Qtotal of
Equations (4)–(7).

Figure 5. RC network used to model the air-conditioner energy consumption.

https://doi.org/10.3390/su182111295

https://doi.org/10.3390/su182111295


Sustainability 2026, 18, 11295 14 of 44

The electrical power of the unit is obtained from the extracted thermal power through
its coefficient of performance,

Par(i) =
Qtotal(i)

COP
, (4)

and the energy balances of the two wall layers and of the indoor air are discretized with
a sub-hourly time step ∆t = 1 min (in Equations (5)–(7) only, where i indexes the 1-min
sub-steps; elsewhere, ∆t = 1 h):

Cm,out
Tm,out(i + 1)− Tm,out(i)

∆t
=

Tamb(i)− Tm,out(i)
Rout

− Tm,out(i)− Tm,in(i)
Rm

, (5)

Cm,in
Tm,in(i + 1)− Tm,in(i)

∆t
=

Tm,out(i)− Tm,in(i)
Rm

− Tm,in(i)− Ta(i)
Rin

, (6)

Ca
Ta(i + 1)− Ta(i)

∆t
=

Tm,in(i)− Ta(i)
Rin

+
Tamb(i)− Ta(i)

Rw
−Qtotal(i), (7)

where Cm,in, Cm,out and Ca are the thermal capacitances of the inner wall surface, outer wall
surface and indoor air (W s K−1); Rin and Rout are the convective resistances between the
indoor air and the inner surface and between the outer surface and the ambient; Rm and Rw

are the conductive resistances of the wall and the window glazing (K W−1); Tm,in, Tm,out, Ta

and Tamb are the inner-surface, outer-surface, indoor-air and outdoor temperatures (◦C);
and Qtotal is the thermal power extracted by the air conditioner to keep the indoor air at
the desired set-point, which is converted into electrical power Par through the coefficient of
performance (COP) of the unit.

The optimizer, tariff, emission factor, and cost and emission objectives operate at
hourly resolution, whereas the RC model uses 1-min sub-steps to maintain the numerical
stability of the explicit discretization of Equations (5)–(7) and to capture the transient
after each switch-on. The coupling is as follows: (i) the hourly forecast of the outdoor
temperature is held constant over the 60 sub-steps of each hour; (ii) the on/off state of
the air conditioner is constant within each hour and given by the candidate schedule
sp(i, j); (iii) Equations (4)–(7) are integrated over the 60 sub-steps, and Par in each hour is
the arithmetic mean of the 60 sub-step powers so that Par(i)× 1 h is the electrical energy
consumed in that hour; and (iv) the wall and air temperatures at the end of each sub-step
are the initial conditions of the next one, so that the thermal inertia is carried over the whole
day and is not reset at each hour. In each sub-step, Qtotal is the heat that must be extracted
to bring Ta to Tset, which is limited to the maximum thermal power of the unit.

Since the day represents a typical operating cycle, the simulation is designed to capture
a complete 24 h cycle rather than start from arbitrary initial temperatures. It starts at the
beginning of the first hour in which the unit is off after having been on, with the indoor
air at the set-point, covers the 24 h, and ends in the interval preceding the starting one on
the next day. The cycle is then repeated, starting from the final state of the previous cycle,
until the initial and final temperatures coincide (periodic steady state, reached in a few
cycles), which also closes the wall temperatures. Because the operating block of each unit is
contiguous, each air conditioner has only 24 possible plans (one per start interval); their
power profiles are computed once and reused in the fitness evaluation, which gives the
same result as simulating every candidate.

Solar radiation on the envelope is deliberately neglected. The sensitivity analysis
of Wang et al. [13] shows that the ambient temperature is by far the dominant driver of
the indoor thermal response with solar gains playing a secondary role; omitting them
simplifies the model and is less restrictive here than in daytime-cooled buildings, because
in the schedules obtained, the air conditioners operate mainly at night (Figure 11), when
solar gains are absent and only the heat stored in the walls during the day is released
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through Cm,in and Cm,out. Its effect was nevertheless quantified by adding a solar gain to
the air node of Equation (7) and an absorbed flux to the outer wall node of Equation (5)
(Section 3.12), and this simplification is revisited in Section 4.3.

Table 4. Parameters of the 4R3C model and air-conditioner data, identical for the bedroom and the
suite (envelope values from [20]).

Parameter Value Unit

Rin, Rout 13.75 K/W
Rm 5.47 K/W
Rw (4-mm glazing) 0.0033 K/W
Cm,in, Cm,out 5.489× 106 J/K
Ca 2.160× 106 J/K
Set-point Tset 18 ◦C

Initial condition Ta = Tset after switch-off; periodic
steady state –

Maximum electrical power 1300 W
Rated COP (ISO 5151, condition T1) 2.9 –
Maximum thermal power 3770 W
Time step ∆t 60 s

The thermal power Qtotal required to hold the set-point is converted into electrical
power Par through the coefficient of performance (COP) of the unit. A constant rated
COP is adopted. The rated value refers to an outdoor temperature of 35 ◦C (ISO 5151,
condition T1 [49]), whereas the outdoor temperature in the hours in which the units
operate (at night) ranges from 19.7 to 21.0 ◦C; since the COP of split units increases as the
outdoor temperature decreases, the constant rated COP tends to overestimate Par rather
than underestimate it. The magnitude of this approximation is bounded in Section 3.12.
The envelope parameters (wall and glazing resistances and capacitances) were obtained
from the Projeteee platform of the Brazilian Ministry of the Environment, which provides
thermal properties of construction assemblies representative of Brazilian dwellings [20].
Figure 6 summarizes the computation: the inputs are the outdoor temperature series, the
binary 24-position operating plan produced by the optimizer, and the envelope parameters;
the output is the estimated electrical power of the air conditioner in each interval of the
evaluated schedule.

2.5.2. Tankless Water-Heater Model

Water heating is provided by an electric tankless heater, which was adopted because
this type of equipment allows the desired shower temperature to be specified and adjusts
its power accordingly. To determine the thermal power required to heat the water, the
classical thermodynamic energy balance is used:

Qs = ṁ cp(Tout − Tin), (8)

where ṁ is the water mass flow rate (kg s−1), cp is the specific heat of water, adopted as
4180 J kg−1 ◦C−1, and Tout and Tin are the water outlet and inlet temperatures, respectively.
The mass flow rate is related to the volumetric flow rate according to

ṁ =
ρ V̇

60,000
, (9)

where V̇ is the volumetric flow rate in L/min and ρ is the water density, which is assumed
to be 1000 kg m−3.
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Figure 6. Flowchart of the air-conditioner model embedded in the fitness evaluation.

Because heat losses occur along the pipe connecting the tankless heater to the shower,
the thermal power required to heat the water to the desired shower temperature must be
distinguished from the total thermal power supplied by the heater. The useful heating
power is given by

Qheating = ṁ cp(Tsh − Tin), (10)

where Tsh is the desired water temperature at the point of consumption. The thermal power
lost to the surroundings through the pipe is calculated as [13]

Qloss = UApipe
(
Tavg − Tamb

)
, (11)

where U is the overall heat-transfer coefficient (W m−2 K−1), Apipe is the external surface
area of the pipe, Tavg is the average water temperature, and Tamb is the ambient temperature.
In the implementation, the loss is evaluated between the heater outlet temperature and the
inlet-water temperature, Qloss = UApipe(Tout − Tin), i.e., the inlet water (at Tamb − 2 ◦C, see
below) is taken as the temperature of the surroundings of the pipe with U = 1.69 W/m2K,
Apipe = 2.65 m2, and ṁ = 0.05 kg/s (3 L/min). Combined with Equation (19), this
gives Tout = (ṁcpTsh −UApipeTin)/(ṁcp −UApipe). The overall heat-transfer coefficient
is determined from the thermal resistances associated with conduction and convection. For
the cylindrical pipe wall, the conductive thermal resistance is given by [50]

Rcond =
ln(r2/r1)

2πkL
, (12)
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where r1 and r2 are the inner and outer radii of the cylindrical layer, respectively, k is
the thermal conductivity of the material (W m−1 K−1), and L is the pipe length (m). The
convective thermal resistance is expressed as [50]

Rconv =
1

hA
, (13)

where h is the convective heat-transfer coefficient (W m−2 K−1) and A is the corresponding
heat-transfer area.

Thermal insulation is considered around the pipe to reduce heat losses from the hot
water to the surrounding environment. The thermal conductivity of the pipe and insulation
materials can be obtained from manufacturer data. The internal convective heat-transfer
coefficient is estimated using the Dittus–Boelter correlation, which is applicable to turbulent
flow in pipes [51]:

NuD = 0.023Re0.8Prn, (14)

where NuD is the Nusselt number, Re is the Reynolds number, Pr is the Prandtl number,
and n = 0.3 is adopted when the fluid is being cooled. The Reynolds number is calcu-
lated as [50]

Re =
ρvD

µ
, (15)

where ρ is the fluid density (kg m−3), v is the mean fluid velocity (m s−1), D is the pipe
diameter (m), and µ is the dynamic viscosity of the fluid (Pa s). For the operating conditions
considered in this study, the Reynolds number is 4412, characterizing the flow as turbulent
and therefore supporting the use of the Dittus–Boelter correlation.

The internal convective heat-transfer coefficient is obtained from the Nusselt num-
ber as [50]

h =
NuD k f

D
, (16)

where k f is the thermal conductivity of the fluid (W m−1 K). The total thermal resistance
between the hot water and the ambient environment is then expressed as [50]

Rtotal =
1

hin Ain
+

ln(r2/r1)

2πkpipeL
+

ln(r3/r2)

2πkinsL
+

1
hout Aout

, (17)

where the first term represents internal convection, the intermediate terms account for
conduction through the pipe wall and thermal insulation, and the last term represents
external convection to the ambient air. The overall heat-transfer coefficient is related to the
total thermal resistance by

U =
1

Rtotal Aref
, (18)

where Aref is the reference heat-transfer area.
The total thermal power supplied by the tankless heater must compensate for both the

useful heating demand and the thermal losses along the pipe. Therefore,

Qs = Qheating + Qloss. (19)

Consequently, the outlet temperature of the tankless heater can be determined such
that after the thermal losses along the pipe, the water reaches the desired shower tempera-
ture at the point of consumption:

Tout = Tin +
Qheating + Qloss

ṁ cp
. (20)
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Finally, the electrical power required by the tankless heater is related to the total
thermal power through the heating efficiency ηs:

Ps =
Qs

ηs
. (21)

For the resistive heating element considered in this study, ηs = 0.95, Tsh = 40 ◦C,
and the power is limited to the 8.2 kW rating of the heater. The inlet water temperature
is assumed to be 2 ◦C lower than the ambient temperature, following the approximation
proposed by [51]. Thus, the electrical power required by the tankless heater varies with
the water flow rate, ambient temperature, desired shower temperature, and thermal losses
along the distribution pipe.

2.6. Photovoltaic System

The PV output is estimated using a simplified irradiance/temperature-dependent
power model

Ppv = Nm Pn
Gi

Gref
[1 + β(Tc − Tref)], (22)

with β = −0.29%/◦C (negative, so that the output decreases as the cell heats up) and
Tc = Tamb + 0.03 Gi (◦C, with Gi in W/m2), where Pn is the nominal module power,
Gref = 1000 W m−2 and Tref = 25 ◦C are the standard test conditions, Nm is the number of
modules, Gi is the in-plane irradiance, β is the module temperature coefficient and Tc is the
cell temperature. Six modules of 590 W each are considered (Nm = 6), and the irradiance
and temperature series are forecast from measurements collected at a meteorological station
in São Mateus, Espírito Santo, Brazil, ensuring consistency between the weather inputs
used to derive the PV generation profile and thermal-load models. The resulting 3.54 kWp
array generates 18.9 kWh on the simulated day, about 61% of the daily consumption of the
household including the EV (30.8 kWh in the knee-point schedule); i.e., it is sized below
the consumption. Under Law 14300/2022, the energy injected in excess of consumption
is credited at a reduced value, so residential systems are usually sized not to exceed the
consumption; even so, the array exports energy around noon on sunny days when the
loads are not coordinated (9.3 kWh in the non-optimized reference of Section 3), which is
the condition in which the coordination of shiftable loads and EV charging with the PV
surplus is relevant.

2.7. Electric Vehicle Energy Storage System

In the context of an HEMS, the EV battery should be charged to optimize the objective
functions defined in the optimization problem formulation. Since the consumption and
generation profiles, electricity tariff, and objective functions may vary across different
case studies, the energy management strategy should be sufficiently robust to cope with
these variations. In addition, certain operational constraints must be satisfied to extend
the battery lifetime and ensure safe operation. The state of charge (SOC) of the battery
represents the percentage of stored energy relative to its nominal capacity (Cbat) and is
defined by Equation (23) [52].

SOC(i) = (1− σ) · SOC(i− 1) +
∆t · (ηch · Pbat(i)− Pope(i))

Cbat
(23)

In this formulation, Pbat denotes the power at the charger responsible for charging the
battery, while Pope represents the power consumed by the EV during its trips. The parameter
ηch is the charging efficiency of the battery; since the charger is unidirectional, the round-
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trip efficiency ηrt, which would affect only the discharge, does not enter Equation (23). The
parameter σ denotes the battery self-discharge rate and Cbat is the nominal battery capacity.

The SOC must remain within a specified range, bounded by the minimum (SOCmin)
and maximum (SOCmax) values, as expressed in Equation (24). Meanwhile, the EV charging
power Pbat(i) must be constrained by the maximum allowable power Pbatmax, as described
in Equation (25), which depends on the characteristics of the battery and the charger used.

SOCmin · SOH(i) ≤ SOC(i) ≤ SOCmax · SOH(i) (24)

0 ≤ Pbat(i) ≤ Pbatmax · (1− EVop(i)) (25)

Because Pbat(i) ≥ 0, the charger is unidirectional: the EV battery is charged from the
grid or from PV surplus (G2V), but it does not discharge to the house (V2H) or to the grid
(V2G). The flexibility provided by the EV is therefore the shifting of its charging energy in
time rather than the supply of the evening load. Here, EVop(i) is a variable that indicates
whether the EV is traveling (EVop(i) = 1) or connected to the charger (EVop(i) = 0). When
EVop(i) = 1, the EV is unavailable for charging, and the term (1− EVop(i)) in Equation (25)
forces Pbat(i) to zero. Conversely, when EVop(i) = 0, the EV is connected to the charger
and can be charged subject to the maximum allowable power Pbatmax.

In addition, this model accounts for battery degradation through the state of health
(SOH), which is defined as the ratio between the current battery capacity and its original
capacity. Factors such as charge and discharge cycles, battery lifetime, and operating
temperature can significantly affect the degradation process. The SOH is determined based
on the total battery aging (AGEtot), as presented in Equation (26), which is calculated as
the sum of two components: calendar aging (AGEcal), associated with the passage of time,
and cycle aging (AGEcyc), associated with charge and discharge cycles, as described in
Equation (27) [52].

SOH(i) = SOH(i− 1)− (SOHi − SOH f ) · AGEtot(i) (26)

SOH(i) = SOH(i− 1)− 0.2 · (AGEcal(i) + AGEcyc(i)) (27)

where SOHi and SOH f represent the SOH values of a new battery and a battery after
undergoing L80%cyc complete cycles, respectively, which are typically assumed to be 100%
and 80%. The calculation of AGEcyc is described in Equation (28), while AGEcal is defined
in Equation (29) [52].

AGEcyc(i) = 0.5 · ∆t ·
ηch · Pbat(i) + Pope(i)

L80%
cyc · Cbat

(28)

AGEcal(i) = (6.6148 · 10−6 · SOC(i) + 4.6404 · 10−6) · ∆t (29)

where L80%
cyc represents the number of equivalent full cycles required for the battery SOH to

reach 80%.
Once the battery operating constraints that must be satisfied by the HEMS have

been defined, Algorithm 1 presents the EVESS strategy and its 3 operating modes, which
determine the EV charging profile. The execution of this strategy is governed by the
following variables: SOC and Pnet, previously described; SOCini, which represents the
initial battery SOC and is itself a decision variable, limited to [SOCmin, SOCmax], so that
the optimizer chooses the state of charge at the beginning of the day and the penalty of
Equation (42) drives the battery back to it at the end of the day; and Pcd, another decision
vector defined by the metaheuristic, corresponding to the fraction of Pmax used to charge
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the battery in each period p (eight periods of 3 h). Thus, Pcd = 1 corresponds to 100% of
the maximum charging power, whereas Pcd = 0 indicates that the battery is not charged.

The EVESS operating strategy is implemented through three operating modes. When
EVop(i) = 1, the CarInOperation mode is activated, indicating that the EV is traveling
and is therefore unavailable for charging. Consequently, Pbat(i) = 0, while the energy
required for vehicle operation (Pope) is deducted from the battery SOC, as defined in
Equation (23). When the EV is connected to the charger, i.e., EVop(i) = 0, the strategy
evaluates the net power condition. If Pnet(i) < 0, indicating excess power available in
the SH, the ExcessBatteryCharge mode is activated, allowing the EV battery to be charged
using the available surplus energy. Otherwise, the BatteryCharge mode is activated, and the
optimization algorithm determines the charging power through the decision variable Pcd.
After the operating mode is determined, the battery SOC and SOH are updated, and the
procedure is repeated for the next time interval until the end of the scheduling horizon.

Algorithm 1 EVESS Operating Strategy

Require: Pnet(i), p, EVop(i), Econ, Pcd, SOHini, and SOCini
Ensure: Pbat(i), SOC(i), and SOH(i)

1: Initialize i← 1
2: while i ≤ Ni do
3: if EVop(i) = 1 then
4: Activate CarInOperation mode
5: Pbat(i)← 0
6: else
7: if Pnet(i) < 0 then
8: Activate ExcessBatteryCharge mode
9: else

10: Activate BatteryCharge mode
11: end if
12: end if
13: Update SOC(i) and SOH(i)
14: i← i + 1
15: end while
16: return Pbat, SOC, and SOH

To ensure the reproducibility of the proposed HEMS, the main parameters of the EV
battery and charger adopted in the simulations are explicitly defined. The EV battery
has a nominal capacity of Cbat = 40 kWh. The allowable state-of-charge range is defined
between SOCmin = 40% and SOCmax = 95% with the minimum value being adopted as a
mobility reserve to ensure sufficient energy for vehicle operation. The initial state of health
is set to SOHini = 100%, while the end-of-life condition is defined as SOHeol = 75%. The
charging efficiency is ηch = 98%. The battery self-discharge rate is σ = 0.02%/day. The
battery cycle life is assumed to be L80%

cyc = 10,000 equivalent full cycles, corresponding to the
number of cycles required for the battery SOH to decrease to 80%. The battery replacement
cost is assumed to be Cinv = 800 RS$/kWh. The maximum charging power is set to
Pmax

bat = 8 kW. The EV is assumed to be in operation from 06:00 to 11:00 (intervals 7–11),
covering a daily distance of 70 km, and the corresponding energy is drawn uniformly over
these five intervals. With an energy consumption of 0.164 kWh/km, the vehicle requires
approximately 11.48 kWh of energy per day. This energy requirement is considered in the
EVESS model to ensure that the battery maintains the required energy reserve for the EV
operation period.

https://doi.org/10.3390/su182111295

https://doi.org/10.3390/su182111295


Sustainability 2026, 18, 11295 21 of 44

2.8. Optimization Problem
2.8.1. Power Balance and Constraints

The hourly consumption of the non-controllable loads is

Pnc(i) =
Nnc

∑
x=1

cd(x) pcd(x) n(x) Pn,nc(x) f (i, x), (30)

where Pn,nc(x) is the nominal power of non-controllable appliance x, n(x) its number of
daily cycles, cd(x) the cycle duration and Nnc the number of non-controllable appliances.
Equation (30) preserves the total daily energy of these loads while distributing it according
to the usage probability, and it is not affected by the optimizer.

The hourly consumption of the schedulable (controllable) loads is

Pc(i) =
Nc

∑
j=1

Pn,c(j) sp(i, j) pcd(j), (31)

where sp is the binary scheduling matrix produced by the algorithm (sp(i, j) = 1 when
appliance j operates in interval i) and Nc is the number of shiftable (constant-power)
schedulable appliances, i.e., the Nc = 7 appliances of class “Controllable” in Table 2. The
Nt = 3 thermal appliances (the two air conditioners and the electric shower) are also
scheduled by the optimizer, through the same matrix sp(i, j) for j = Nc + 1, . . . , Nc + Nt,
but they are excluded from Equation (31): their weather-dependent power is returned by
the models of Sections 2.5.1 and 2.5.2, which are evaluated on the candidate schedule, and
enters the balance only through Pt(i) = Par(i) + Ps(i) (Equation (3)), where Par is the sum
of the powers of the two air conditioners. The total smart-home demand is

Ph(i) = Pnc(i) + Pc(i) + Pt(i), (32)

where the power of the thermal loads Pt is defined by the sum of Par and Ps, so each
appliance is counted exactly once: the shiftable appliances in Pc, the thermal appliances in
Pt, and the remaining household loads in Pnc.

The schedule must satisfy

sp(i, j) ∈{0, 1} ∀i, j, (33)
Ni

∑
i=1

sp(i, j) = n(j) cd(j), (34)

i ∈ {1, 2, . . . , 24}, (35)

j ∈ {1, 2, . . . , Nc + Nt}, (36)

where constraint (33) prevents multiple activations of the same appliance in one interval
and constraint (34) enforces the user-defined number and duration of cycles for every
appliance. For the electric shower, the only appliance with more than one daily cycle,
constraint (33) implies that the five showers are assigned to different intervals.

With the SH power consumption and photovoltaic system generation determined, the
net power of the SH is defined by Equation (37)

Pnet(i) = Ph(i)− Ppv(i), (37)
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Finally, after the EV charger management, the power exchanged with the distribution
grid, either consumed from or injected into the grid (Pgrid), is defined by Equation (38)

Pgrid(i) = Pnet(i) + Pbat(i) (38)

2.8.2. Objective Functions

The multi-objective optimization model simultaneously considers three conflicting
operational criteria:

1. Daily SH Operation Cost (ce): The daily SH operation cost is divided into four
components: the energy consumption cost (ccon), which is calculated according to the TOU
tariff (ttou) described in Equation (39); the revenue from energy injection (cinj) into the grid,
which is calculated using the feed-in tariff (t f i) in Equation (40); the battery degradation cost
(cdeg), which is defined in Equation (41); and a penalty cost (cp), defined in Equation (42),
which is included to discourage variations in the battery energy level at the beginning and
end of the day.

ccon =
Ni

∑
i=1

max
(

Pgrid(i), 0
)
· ttou(i) · ∆t, (39)

cinj =
Ni

∑
i=1

min
(

Pgrid(i), 0
)
· t f i(i) · ∆t, (40)

cdeg =
SOHini − SOH(Ni)

1− SOHeol
· Cbat · Cinv (41)

cp =

t f i · (SOCini − SOC(Ni)) · Cbat if SOC(Ni) > SOCini

max(ttou) · (SOCini − SOC(Ni)) · Cbat if SOC(Ni) ≤ SOCini
(42)

ce = ccon + cinj + cdeg + cp (43)

where SOHeol represents the battery SOH at the end of its useful life, and Cinv corresponds
to the investment required for battery replacement per kWh.

2. Occupant Comfort Index (Uc): The comfort metric evaluates how well the scheduled
appliance operating intervals align with the occupant’s historical preference probabilities:

Uc =
Nc+Nt

∑
j=1

∑Ni
i=1 f (i, j) sp(i, j)

∑Ni
i=1 sp(i, j)

, (44)

where Nc + Nt = 10 is the number of controllable and thermal appliances, and f (i, j) is the
probability extracted from the comfort matrix.

Each term of Equation (44) is the mean usage probability of appliance j over the
n(j) cd(j) intervals in which it is scheduled; the denominator normalizes each term by the
number of scheduled intervals—not by the sum of f over the day. Since f (·, j) sums to one
over the 24 intervals (Equation (1)), each term lies between mini f (i, j) and the mean of the
n(j) cd(j) largest values of f (·, j), and Uc is the sum of ten such terms. Therefore Uc is not
normalized to one: its range is 0 ≤ Uc ≤ Umax

c , where

Umax
c =

Nc+Nt

∑
j=1

1
n(j) cd(j)

n(j) cd(j)

∑
k=1

f(k)(j), (45)

and f(k)(j) is the k-th largest value of f (·, j). For the comfort matrix of Figure 3,
Umax

c = 1.1982, both with and without the requirement of consecutive hours for the
appliances with cd > 1 (their best windows are already contiguous). Values of Uc above
one, such as those in Table 8, are therefore expected. Throughout the paper, comfort per-
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centages are given either relative to the maximum-comfort solution found on the Pareto
front (S3) or relative to Umax

c , as indicated; for example, the knee point under TOU-1 retains
Uc(S2)/Uc(S3) = 1.0806/1.1770 = 91.8% of the comfort of S3 and 1.0806/Umax

c = 90.2% of
the theoretical bound.

Uc measures only the agreement between the operating times and the occupants’
habits (preference comfort). Thermal comfort, i.e., the indoor temperature, is not part of
Uc: it is enforced as a requirement in the air-conditioner model, which keeps Ta at the
set-point Tset whenever the unit is scheduled, and in the water-heater model, which delivers
water at Tsh in every shower. A schedule with low Uc therefore does not imply thermal
discomfort during the scheduled hours but rather operation of the appliances at hours that
the occupants use less often.

3. Daily CO2 Emissions (ECO2 ): Similar to the operation cost, the daily SH operation
emissions are divided into three components: the emissions associated with energy con-
sumption (Econ), which are calculated using the hourly emission factor (Ef) of the Brazilian
National Interconnected System (SIN) [53], as described in Equation (46), which is set to
zero when energy is injected into the grid; the emissions associated with battery degrada-
tion (Edeg), which are defined in Equation (47); and a penalty term (Ep), which is defined in
Equation (48). The emission factor is not a single annual value: E f (i) is a 24-value hourly
profile obtained by averaging, for each local hour of the day (UTC–3), the 8760 hourly
values of the direct carbon intensity of the SIN reported by Electricity Maps for 2023 [53]. It
ranges from 0.0461 kgCO2eq/kWh in interval 20 (19:00–20:00) to 0.0580 kgCO2eq/kWh in
interval 5 (04:00–05:00), i.e., about ±11% around its daily mean: in 2023, the Brazilian grid
was most carbon intensive before dawn and least in the evening. This profile is an average
(attributional) intensity of a representative day rather than the marginal intensity of the
hour; the implications of this choice are discussed in Section 4.3.

Econ =
Ni

∑
i=1

max
(

Pgrid(i), 0
)
· Ef(i) · ∆t, (46)

Edeg =
SOHini − SOH(Ni)

1− SOHeol
· Cbat · Ebat (47)

Ep =

min(E f ) · (SOCini − SOC(Ni)) · Cbat if SOC(Ni) > SOCini

max(E f ) · (SOCini − SOC(Ni)) · Cbat if SOC(Ni) ≤ SOCini
(48)

ECO2 = Econ + Edeg + Ep (49)

where Ebat represents the emissions associated with the battery over its entire life cycle per
kWh of installed capacity.

The overall tri-objective optimization problem is formally stated as

min
{

ce, −Uc, ECO2

}
(50)

subject to constraints of SH load scheduling (33)–(38), EV battery modeling (23)–(29) and
EVESS operating strategy.

2.8.3. Algorithm Settings and Consistency Analysis

The NSGA-III was implemented in MATLAB (R2016a) with a population of 250 indi-
viduals evolved for 200 generations, a crossover rate of 70% and mutation applied to 30%
of the population with a per-gene probability of 5%, and 231 reference points (20 divisions
per objective). Constraint (33) and the lower SOC limit of Equation (24) are enforced by
penalties: a schedule in which two cycles of the same appliance overlap, or in which the
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SOC falls below 0.99 SOCmin, has BRL 1000 added to its cost, 5 subtracted from its comfort
index, and 20 kgCO2eq added to its emissions, so that it is dominated by any feasible sched-
ule. Because genetic algorithms are stochastic, a consistency analysis was performed by
repeating the optimization with ten independent random seeds for each tariff; the resulting
Pareto fronts were similar in shape and position, indicating that the reported fronts are
representative and not artifacts of a single fortunate run. Across these runs, the maximum
comfort index ranged from 1.1225 to 1.1945 under TOU-1 and from 1.1556 to 1.1915 under
TOU-2, and the hypervolume of the normalized front had a coefficient of variation of 3.5%
(TOU-1) and 1.8% (TOU-2). The comfort objective does not depend on the tariff, so the
theoretical maximum Umax

c = 1.1982 (Equation (45)) is the same in both scenarios; the
different values of S3 in Table 8 (1.1770 and 1.1755) reflect the stochastic approximation
of the extreme of the front by a finite population and are within the run-to-run range
above. The results reported in Section 3 correspond, for each tariff, to the run with the
median hypervolume.

3. Results and Discussion
3.1. Meteorological Forecasting Performance and Meta-Learner Weight Dynamics

The predictive reliability of the day-ahead HEMS fundamentally hinges upon the
accuracy of the underlying meteorological forecasts, which directly drive both the rooftop
PV generation estimates (PPV) and the thermal load dynamics of the building envelope (PAC

and PCH). The predictive performance of the evaluated deep architectures—LSTM [44],
TCN [46], and TFT [47]—alongside the proposed multi-model stacking ensemble [48],
was rigorously assessed on the hold-out test dataset across the entire 24 h horizon (h + 1
to h + 24). Table 5 and Table 6 compile the consolidated error metrics for ambient air
temperature and global solar horizontal irradiance, respectively.

Table 5. Consolidated test-set predictive performance for ambient air temperature (◦C) over the 24 h
forecasting horizon.

Forecasting Model MAE (◦C) RMSE (◦C) R2 MAPE (%)

LSTM 0.9561 1.3115 0.8433 4.3150
TCN 1.0144 1.3965 0.8223 4.6079
TFT 0.9357 1.2934 0.8476 4.2286
Stacking Ensemble 0.9270 1.2767 0.8515 4.2024

Table 6. Consolidated test-set predictive performance for global solar radiation (kW m−2) over the
24 h forecasting horizon.

Forecasting Model MAE (kW m−2) RMSE (kW m−2) R2 MAPE (%)

LSTM 0.0682 0.1223 0.8152 696.7887
TCN 0.0703 0.1275 0.7990 749.5103
TFT 0.0692 0.1227 0.8141 851.5613
Stacking Ensemble 0.0673 0.1206 0.8203 742.1276

As evidenced by the quantitative evaluation, the stacking ensemble provides the best
performance in all four metrics for ambient temperature and in MAE, RMSE, and R2 for
solar radiation, whereas the LSTM attains the lowest full-horizon MAPE for solar radiation
(696.79% against 742.13%). For ambient temperature, the ensemble attains the lowest
mean absolute error (MAE = 0.9270 ◦C) and root mean square error (RMSE = 1.2767 ◦C),
corresponding to error reductions of 3.04% and 2.65% over the standalone LSTM baseline,
and 8.62% and 8.58% over the TCN. Furthermore, the coefficient of determination reaches
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R2 = 0.8515, confirming that the ensemble explains more than 85% of the total tempera-
ture variance. Among individual learners, the TFT demonstrates the highest standalone
accuracy (MAE = 0.9357 ◦C), which is driven by its temporal multi-head self-attention
mechanisms that effectively capture non-stationary daily cycles. For solar irradiance,
the Stacking Ensemble achieves MAE = 0.0673 kW/m2, RMSE = 0.1206 kW/m2, and
R2 = 0.8203. The elevated MAPE values observed for solar radiation are an expected
mathematical artefact stemming from near-zero denominator values during nocturnal and
twilight intervals (Section 2), where an absolute error of a few W/m2 divided by |y|+ ε

yields a percentage error of several hundred percent; the full-horizon MAPE of radiation is
therefore not used to rank the models.

Table 7 reports the radiation metrics restricted to daylight hours (G ≥ 0.05 kW/m2,
45.3% of the test observations) for the first lead time (h + 1), the horizon for which the test-
set predictions were stored. Over these hours, the MAPE becomes meaningful (31–37%) and
the stacking ensemble attains the lowest MAE, RMSE, MAPE, and WAPE and the highest R2,
which is followed closely by the TFT. The forecasting advantage of the ensemble is therefore
metric-specific: it reduces the absolute and squared errors, which are the quantities that
propagate into the PV and thermal models, while its full-horizon MAPE is dominated by
twilight observations.

Table 7. Test-set predictive performance for global solar radiation at the first lead time (h + 1)
restricted to daylight hours (G ≥ 0.05 kW/m2; 1765 observations).

Model MAE (kW/m2) RMSE (kW/m2) R2 MAPE (%) WAPE (%)

LSTM 0.1015 0.1360 0.7228 33.28 22.36
TCN 0.1096 0.1466 0.6781 37.34 24.15
TFT 0.0931 0.1271 0.7581 31.69 20.51
Stacking Ensemble 0.0926 0.1266 0.7601 31.15 20.40

Figure 7 visually validates the capacity of the models to track sharp diurnal transitions
and peak thermal gradients across the 24 h horizon. A pivotal engineering advantage of the
proposed stacking meta-learner is its transparent interpretability. Figure 8 illustrates the
learned linear coefficients assigned to each base expert across all 24 lead times alongside
their mean absolute weight contributions.

The weight trajectory analysis reveals that the meta-learner dynamically shifts author-
ity among experts as a function of the lookahead horizon: short-term projections (h + 1
to h + 4) heavily leverage the high-frequency gating precision of the TFT, whereas longer
lookahead intervals (h + 12 to h + 24) allocate increased weight to the recurrent gating of
the LSTM and dilated causal convolutions of the TCN to maintain asymptotic stability.
This horizon-adaptive blending suppresses the compounding drift error typical of single
autoregressive models, establishing a robust foundation for day-ahead optimization.

3.2. 3D Multi-Objective Pareto Fronts and Operational Trade-Off Analysis

The tri-objective optimization problem formulated in Equation (50) was solved via
NSGA-III across 200 generations with a population of 250 individuals. Figure 9 presents the
resulting non-dominated three-dimensional Pareto frontiers in the objective space defined
by user comfort index (Uc), daily SH operation cost (ce), and daily CO2 emissions (ECO2)
under both the Brazilian White Tariff (TOU-1) and the Adapted Multi-Tier Tariff (TOU-2).
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Figure 7. Multi-horizon 24-step-ahead test timelines comparing observed series against deep learning
model predictions and cumulative multi-step error propagation for (a) ambient air temperature;
(b) global solar radiation.

To quantify the operational boundaries and trade-off sensitivity, four representative
solutions were identified on each frontier:

1. S1 (Minimum Cost Policy): strictly minimizes net operational expenditure (ce), ag-
gressively curtailing load during high-tariff periods and shifting EV charging and
shiftable appliances into solar surplus and off-peak hours.

2. S2 (Knee Point/Compromise Policy): determined via maximum orthogonal Euclidean
distance from the extreme boundary hyperplane in the normalized objective space. It
delivers an optimal compromise between economic efficiency and occupant satisfaction.

3. S3 (Maximum Comfort Policy): the solution of the front with the highest comfort
index, i.e., the schedule closest to the highest historical usage probability intervals
f (i, j) found by the optimizer.

4. S4 (Minimum Emission Policy): minimizes the total carbon footprint (ECO2) by
restricting electricity imports during high-carbon grid generation windows and maxi-
mizing local PV self-consumption.

All four solutions are outputs of the optimization. In particular, S3 is the maximum-
comfort optimized schedule: it still benefits from the HEMS, because the EV charging follows
the EVESS strategy and absorbs PV surplus. To assess the benefit of the HEMS against a
household without management, a non-optimized reference S0 was also simulated with the
same weather, PV, and load data: each appliance starts at its most probable hours according
to f (i, j), as in the occupants’ habitual routine, without any price or emission signal, and the
EV is charged at Pbatmax as soon as it is plugged in until SOCmax is reached (uncontrolled

https://doi.org/10.3390/su182111295

https://doi.org/10.3390/su182111295


Sustainability 2026, 18, 11295 27 of 44

charging). S0 is evaluated with the same objective functions, Equations (43), (44), and (49),
and its results are included in Table 8. By construction, its comfort index equals the
theoretical maximum Umax

c = 1.1982 of Equation (45).
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Figure 8. Meta-learner weight dynamics across the 24 h forecast horizon: learned linear regression
coefficients (left) and mean absolute weight allocation across all lead times (right) for (a) ambient air
temperature; (b) global solar radiation.
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Figure 9. Non-dominated three-dimensional Pareto frontiers computed by NSGA-III illustrating the
multi-way operational trade-offs among Uc, operation costs (BRL), and CO2 emissions (kgCO2eq)
under: (a) Brazilian White Tariff (TOU-1); (b) Adapted Multi-Tier Tariff (TOU-2), highlighting the
representative boundary solutions (S1, S3, S4) and the compromise knee point (S2).
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All four solutions are outputs of the optimization. In particular, S3 is the maximum-
comfort optimized schedule: it still benefits from the HEMS, because the EV charging follows
the EVESS strategy and absorbs PV surplus. To assess the benefit of the HEMS against a
household without management, a non-optimized reference S0 was also simulated with the
same weather, PV, and load data: each appliance starts at its most probable hours according
to f (i, j), as in the occupants’ habitual routine, without any price or emission signal, and the
EV is charged at Pbatmax as soon as it is plugged in until SOCmax is reached (uncontrolled
charging). S0 is evaluated with the same objective functions, Equations (43), (44), and (49),
and its results are included in Table 8. By construction, its comfort index equals the
theoretical maximum Umax

c = 1.1982 of Equation (45).
The NSGA-III was run ten times per tariff with independent seeds (Section 2.8); the

results below correspond to the run with the median hypervolume. In all runs, the whole
final population (250 solutions) was non-dominated.

Table 8 summarizes the consolidated performance metrics for all four representative
solutions across both tariff structures.

Under the Brazilian White Tariff (TOU-1), the non-optimized reference S0 costs
BRL 22.74/day and emits 1.600 kgCO2eq/day with the maximum comfort index
Umax

c = 1.1982 by construction. The knee point S2 costs BRL 16.57/day, i.e., 27.13% less than
S0 (BRL 185.04/month), keeps 90.2% of the theoretical maximum comfort (Uc = 1.0806),
and emits 28.26% less. The minimum-cost solution S1 reduces the cost by 29.27% with re-
spect to S0 but with a 26.43% lower comfort index. Within the optimized front, moving from
the maximum-comfort schedule S3 (Uc = 1.1770, 98.2% of Umax

c ) to S1 saves BRL 4.60/day
(22.23%, or BRL 137.90/month) at the expense of a 25.11% reduction of the comfort index,
whereas S2 retains 91.81% of the comfort of S3 at a cost 19.87% lower (BRL 123.29/month).
Relative to S1, S2 requires only BRL 0.49/day of additional cost (+3.03%) for a 22.59% higher
comfort index. The saving with respect to S0 comes mainly from two changes (Table 9):
the EV, whose uncontrolled charging in S0 starts at 8 kW as soon as it is plugged in and
imports up to 5.1 kW from the grid in interval 12, and is charged in S2 with the PV surplus
of intervals 12–17; and the evening showers of S0, two of which fall in the peak block, are
moved to midday. The operating intervals of every appliance and of the EV charging in S0,
S2, and S3 are given in Table 9.

Table 8. Consolidated performance metrics of representative 3-objective Pareto solutions under Brazil-
ian White Tariff (TOU-1) and Adapted Multi-Tier Tariff (TOU-2) (run with the median hypervolume
among ten).

Brazilian White Tariff (TOU-1) Adapted Multi-Tier Tariff (TOU-2)

Performance Metric Min C Knee Max U Min E Min C Knee Max U Min E
(S1) (S2) (S3) (S4) (S1) (S2) (S3) (S4)

Daily Cost (BRL/day) 16.08 16.57 20.68 17.06 16.93 19.50 21.48 17.90
Comfort Index Uc 0.8815 1.0806 1.1770 0.9081 0.9882 1.1495 1.1755 0.9146
CO2 Emissions (kg) 1.1005 1.1479 1.2547 1.0891 1.1192 1.1836 1.3351 1.0946
Monthly Cost (BRL/month) 482.46 497.07 620.36 511.81 507.88 584.93 644.47 537.00

Non-optimized reference S0 and variation of the HEMS solutions relative to S0

TOU-1 TOU-2

S0 S1 vs. S0 S2 vs. S0 S0 S1 vs. S0 S2 vs. S0

Daily Cost (BRL/day) 22.74 −29.27% −27.13% 24.46 −30.77% −20.27%
Comfort Index Uc 1.1982 −26.43% −9.82% 1.1982 −17.52% −4.06%
CO2 Emissions (kg) 1.6001 −31.22% −28.26% 1.6001 −30.05% −26.03%
Max. Grid Import in Peak Block (kW) 1.67 0.53 0.54 1.51 0.16 1.20
PV Self-Consumption (%) 50.7 97.5 94.0 50.7 98.2 93.8
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Table 9. Hourly intervals (local hour [i− 1, i)) in which each appliance operates in the non-optimized
reference (S0), knee-point (S2), and maximum-comfort (S3) schedules under TOU-1, and EV charging
(intervals, mean charger power, and energy).

Appliance (n × cd) S0 (Non-Optimized) S2 (Knee Point) S3 (Max. Comfort)

AC Bedroom (1× 6 h) 23–24, 1–4 23–24, 1–4 24, 1–5
AC Suite (1× 8 h) 22–24, 1–5 22–24, 1–5 22–24, 1–5
Washing Machine (1× 1 h) 10 10 10
Electric Oven (1× 1 h) 13 13 13
Dishwasher (1× 1 h) 10 10 10
Electric Iron (1× 1 h) 16 9 16
Clothes Dryer (1× 1 h) 10 9 9
Ceiling Fan (1× 6 h) 22–24, 1–3 5–10 1–6
Floor Fan (1× 6 h) 23–24, 1–4 2–7 1–6
Electric Shower (5× 1 h, 15 min each) 8, 19, 20, 21, 22 8, 11, 13, 14, 15 8, 9, 19, 20, 21
EV Charging: Intervals 12–13 12–17, 22 12–18
EV Charging: Mean Power; Energy 5.86 kW; 11.7 kWh 1.67 kW; 11.7 kWh 1.67 kW; 11.7 kWh

Under the Adapted Multi-Tier Tariff (TOU-2), S0 costs BRL 24.46/day, because the
more segmented tariff places part of the habitual consumption in peak blocks. The
minimum-cost policy (S1) achieves BRL 16.93/day (Uc = 0.9882), while the knee-point
solution (S2) costs BRL 19.50/day with Uc = 1.1495, preserving 97.79% of the comfort of
S3 (95.9% of Umax

c ) at a cost 20.27% lower than that of S0. The minimum-emission policy
(S4) reduces daily emissions to 1.0891 kgCO2eq under TOU-1 and 1.0946 kgCO2eq under
TOU-2, corresponding to reductions of 13.20% and 18.01%, respectively, relative to S3, and
of about 32% relative to S0. Because the hourly emission factor varies by only about ±11%
over the day (Section 2.8), most of this reduction comes from the PV self-consumption
enabled by the EV charging, which also reduces cost: S4 emits only 1.0% (TOU-1) and 2.2%
(TOU-2) less than S1.

3.3. Two-Dimensional Pairwise Trade-Off Projections and Frontier Geometry

To inspect the underlying geometric curvature and cross-objective coupling, Figure 10 de-
picts the two-dimensional pairwise projections of the 3D non-dominated front under TOU-1.
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Figure 10. Two-dimensional pairwise projections of the tri-objective Pareto front for the Brazilian
White Tariff (TOU-1): (a) daily cost vs. occupant comfort index; (b) CO2 emissions vs. daily cost;
(c) CO2 emissions vs. occupant comfort index, where marker color denotes the third objective.

The cost vs. comfort projection (Figure 10a) shows a convex trade-off: from S1 to S2,
the comfort index increases by 22.6% for a 3.0% increase in cost, whereas from S2 to S3, a
further 8.9% increase in comfort costs 24.8% more, because the remaining comfort gains
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require operating the showers and part of the EV charging in the late afternoon and evening,
when PV generation is no longer available and the tariff is higher (peak block 17:00–20:00,
BRL 1.42/kWh). Figure 10b,c illustrate the environmental trade-off: emissions and cost are
strongly correlated along the front, because both are reduced by supplying the loads and
the EV with the midday PV surplus; the residual conflict arises in the evening, when the
emission factor is lowest but the tariff is highest, so that purely economic optimization does
not guarantee minimum emissions, although the difference between S1 and S4 is small.

3.4. Load-Class Segregated Appliance Scheduling and Preference Alignment

Figure 11 displays the 24 h operation schedule for all ten controllable household
appliances under the knee-point solution (S2) for TOU-1, which is juxtaposed with their
underlying comfort probability profiles fi,j.

The scheduling patterns reveal a fundamental divergence in operational mechanisms
across load categories:

• Shiftable Deferrable Loads (WM, CD, DW, EO, EI): The clothes dryer and the electric
iron operate in interval 9 (08:00–09:00) and the washing machine and the dishwasher
in interval 10, at the morning usage peak of these appliances and as PV generation
rises; the electric oven operates in interval 13, which is at its highest usage probability
and close to the PV maximum. None of the shiftable appliances operates in the peak
tariff block.

• Thermostatically Controlled and Continuous Loads (AB, AS, CF, FF, ES): Bedroom
(AB) and suite (AS) air conditioners operate during the night-time sleeping inter-
vals (22:00–04:00 and 21:00–05:00, respectively), exploiting low off-peak tariff rates
(BRL 0.67/kWh) and reduced ambient heat transfer. The electric shower (ES) keeps
the morning shower (interval 8) but moves the other four showers to intervals 11 and
13–15, when they are supplied by PV and the inlet water is warmest (3.4–4.2 kW
instead of up to 5.0 kW at night), at the cost of a lower comfort term for this appliance.
The fans, whose energy is small (0.45 kWh/day each), are moved to the early morning.

In Figure 11, each bar is the mean electrical power drawn by the appliance in the
scheduled interval: the nominal power multiplied by pcd for the constant-power appliances,
and the power given by the thermal models for the air conditioners and the shower. Every
appliance has a single daily cycle except the shower (five cycles); the start interval of every
cycle is listed in Table 9.

3.5. Physics-Coupled Dynamic Thermal Response of Building and TCLs

Figure 12 details the thermodynamic and electrical interactions of the two thermo-
statically controlled loads: the dual-zone air-conditioning system and the tankless electric
water heater.

In Figure 12a, the 4R3C thermal network tracks the indoor temperature of the suite,
whose unit operates from 21:00 to 05:00 (intervals 22–24 and 1–5). After switch-off, Ta

follows the outdoor temperature with a delay of about two hours and stays above it in the
late afternoon, when the outdoor temperature falls after its maximum of 27.0 ◦C in interval
14 (13:00–14:00). When the unit is switched on, it first draws about 1.0 kW to bring Ta back
to Tset; once Tset is reached, the power is only that needed to compensate the heat gains,
0.2–0.3 kW, which depend on the difference between the outdoor and indoor temperatures.
All curves in Figure 12 are the direct outputs of the models of Sections 2.5.1 and 2.5.2. In
Figure 12b, the electrical power of the tankless heater, Equations (19)–(21), varies between
5.01 kW at night (Tin ≈ 17.7 ◦C) and 3.37 kW in interval 14 (Tin = 25.0 ◦C); with 15-min
showers, the energy of each shower ranges from 0.84 to 1.25 kWh. Table 10 compares the
daily energy of the electric shower obtained with the thermodynamic model and with
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a fixed rated power of 5.5 kW, as assumed in conventional HEMS models, for the same
five showers of S2 and the same weather. The fixed-power model overestimates the daily
energy by 42.2% (2.05 kWh/day) or 29.7% when the difference is expressed relative to the
fixed-power estimate. The 28.5% reported in the original version was obtained with an
implementation that did not apply the shower duration and is replaced by these values.
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Figure 11. Optimal dispatch schedules of all ten controllable household appliances under the knee-
point policy (S2) for the Brazilian White Tariff (TOU-1), displaying operating power (left axis) and
empirical usage probability fi,j (right axis).
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(a) AC Suite: indoor temperature and electric demand

Tamb (outdoor)

Ta (indoor air, hourly mean)
Tset (18 °C)

AC electric power

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Hour of day (h)

20

30

40

W
at

er
 te

m
pe

ra
tu

re
 (° C

)

0

2000

4000

6000

El
ec

tri
c 

po
w

er
 (W

)

(b) Tankless water heater: inlet temperature and power

Tin,water (inlet water)

Tsh (40 °C)

Heater power if a shower occurs
Scheduled showers (S2, 15 min each)

Figure 12. Thermodynamic and electrical dynamics of thermostatically controlled loads (TCLs) in
the knee-point schedule S2 (TOU-1): (a) suite air conditioner: indoor air temperature (Ta, hourly
mean), ambient temperature (Tamb), comfort setpoint (Tset = 18 ◦C), and electrical power demand
(Par); (b) electric water heater inlet water temperature (Tin,water), comfort target (Tsh = 40 ◦C), electric
power of the heater if a shower occurs in each hour (Ps), and the five scheduled showers.

Table 10. Daily electricity consumption of the electric shower with the fixed-power and thermody-
namic models for the same schedule (S2, TOU-1) and weather.

Quantity Fixed Power (5.5 kW) Thermodynamic Model

Power in each cycle (kW) 5.50 3.37–4.74
Active time per cycle (h) 0.25 0.25
Daily energy, 5 cycles (kWh/day) 6.88 4.83
Difference, (E f ix − Eth)/E f ix 29.7%
Difference, (E f ix − Eth)/Eth 42.2%

3.6. Smart Home Net Power Balancing and PV Self-Consumption Under Law 14300/2022

Figure 13 illustrates the aggregate daily power profiles of the smart home under the
knee-point schedule, displaying total residential demand PSH, on-site solar generation PPV,
net demand Pnet = PSH − PPV, and baseline non-controllable loads PNC.

During maximum solar irradiance (10:00–15:00), rooftop PV generation peaks at
3.08 kW in interval 12 (11:00–12:00), with 18.9 kWh in the day, completely covering concur-
rent household consumption and generating an uncurtailed solar surplus. Under Brazilian
Law 14300/2022, grid injection credits are subject to increasing wire distribution tariff
charges (the “Fio B” component), rendering direct on-site self-consumption significantly
more profitable than grid injection. The proposed HEMS maximizes self-consumption by
actively co-scheduling shiftable appliances and EV charging during the peak solar window,
increasing the on-site PV self-consumption ratio from 50.7% in the non-optimized reference

https://doi.org/10.3390/su182111295

https://doi.org/10.3390/su182111295


Sustainability 2026, 18, 11295 33 of 44

S0, in which 9.3 kWh are exported, to 94.0% in S2, in which only 1.1 kWh is exported (in
interval 11, while the EV is still away).
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Figure 13. Consolidated daily power profiles of total smart home demand (PSH), rooftop photovoltaic
generation (PPV), net demand (Pnet), and non-controllable baseload (PNC) under the optimal knee-
point schedule for TOU-1.

3.7. EV Battery Storage Dynamic Dispatch and Peak-Shaving Arbitrage

Figure 14 illustrates the coordinated dispatch of the electric vehicle battery energy
storage system (EVESS) and the resulting interaction with the distribution network.

As shown in Figure 14a, during the travel period (06:00–11:00), the battery SOC de-
creases from 95% to 66.3%, respecting the mobility safety buffer (SOC ≥ 40%). When
the EV returns, it is charged between 11:00 and 17:00 (intervals 12–17) only with the PV
surplus, reaching 86.3%, and the remaining 8.6 points are charged at 3.5 kW in inter-
val 22 (21:00–22:00), in the off-peak block, so that the SOC returns to its initial value of
95%. Figure 14b shows that the grid import Pgrid stays between 0.15 and 0.54 kW during
the peak block, thereby reducing the household’s exposure to higher electricity prices
(BRL 1.42/kWh). The EV is not discharged to supply this load (the charger is unidirectional,
Section 2.7); the low import results from not charging the EV and from not scheduling
shiftable and thermal loads in the peak block.

3.8. Cross-Solution Grid Interaction Dynamics and Distribution Feeder Impact

Figure 15 compares the grid power exchange profiles Pgrid across all four representative
Pareto solutions (S1, S2, S3, S4) and the non-optimized reference S0.

The comparative analysis reveals distinct grid interaction characteristics:

• The minimum cost policy (S1) keeps the imports in the peak block between 0.16 and
0.53 kW and absorbs the whole PV surplus, but it concentrates the EV top-up charging
and the start of the air conditioners in interval 22, when the import reaches 4.65 kW.
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• The maximum comfort policy (S3) produces a evening grid import of 1.44–1.67 kW in
the peak block (intervals 18–20) and 1.73 kW in interval 21 due to the evening showers
scheduled at their most probable hours.

• The knee point policy (S2) holds the imports in the peak block between 0.15 and
0.54 kW, which is a reduction of 67.4% of the maximum peak-block import with
respect to both S3 and S0 (1.67 kW). This reduction is restricted to the tariff peak: the
EV top-up charging (3.5 kW) and the start of the air conditioners coincide in interval
22 (21:00–22:00, off-peak), when S2 imports 4.99 kW, so the daily maximum import is
not reduced with respect to S0 (5.08 kW, caused by the uncontrolled EV charging in
interval 12) and is higher than that of S3 (1.73 kW).

• The minimum emission policy (S4) yields the lowest carbon footprint (1.0891 kgCO2eq);
its imports in the peak block (0.17–1.05 kW) are higher than those of S2, because the
emission factor is lowest in intervals 19–21, whereas its import in interval 22 (3.19 kW)
is lower.
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Figure 14. Electric vehicle battery storage (EVESS) dispatch and grid power exchange: (a) battery state
of charge (SOC) evolution and time-of-use tariff rate with the safety buffer (SOCmin = 40%); (b) power
flow balance among household net load (Pnet), net EV battery power (PEV), obtained as the difference
between charger power (Pbat) and EV driving power (Pope), and grid power exchange (Pgrid).
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Figure 15. Comparison of grid power exchange profiles (Pgrid) across representative Pareto solutions:
S1 (Min Cost), S2 (Knee Point), S3 (Max Comfort), and S4 (Min Emission), and the non-optimized
reference S0, under the Brazilian White Tariff (TOU-1); the shaded area is the peak tariff block.

3.9. Consolidated 24-Hour Subsystem Operating Profile for the Knee Point Policy

Figure 16 presents a synchronized breakdown of all four core energy subsystems
under the knee point policy (S2): (1) net household demand without EV, (2) grid power
exchange Pgrid, (3) EV battery power Pcar, and (4) EV battery state of charge SOCcar.

The synchronized profiles demonstrate multi-energy coordination: the midday PV
surplus is absorbed by EV charging, while the remaining EV charging is postponed to
the off-peak interval 22, after the peak block, resulting in a low grid exchange during the
peak tariff block; the highest import of the day occurs in interval 22 when the EV top-up
charging and the start of the air conditioners coincide.

3.10. Consolidated Metric Evaluation Across Representative Solutions

Finally, Figure 17 provides a direct bar-chart comparison of the three objective met-
rics (user comfort index, daily electricity cost, and daily CO2 emissions) across the four
representative Pareto solutions (S1, S2, S3, S4).

The quantitative comparison shows the balance provided by the knee point solution
(S2): it achieves Uc = 1.0806 (91.8% of the 1.1770 maximum of S3), a daily cost of BRL 16.57
(close to the BRL 16.08 minimum of S1 and 27.1% below the non-optimized reference S0),
and emissions of 1.1479 kgCO2eq (5.4% above the minimum of S4), which makes it a
balanced benchmark for automated residential energy management.
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Figure 16. Synchronized 24 h subsystem operating profiles for the multi-objective knee-point com-
promise solution (S2) under TOU-1: (1) net household demand without EV; (2) grid power exchange
(Pgrid); (3) EV battery power (Pcar); (4) EV battery state of charge (SOCcar).

(a) Comfort index

S0 S1 S2 S3 S4

0

0.2

0.4

0.6

0.8

1

1.2

C
om

fo
rt 

in
de

x 
U

c

(b) Daily energy cost

S0 S1 S2 S3 S4

0

5

10

15

20

25

D
ai

ly
 c

os
t (

R
$)

(c) Daily CO2 emissions

S0 S1 S2 S3 S4

0

0.5

1

1.5

2

C
O

2 (k
gC

O
2eq

)

Figure 17. Multi-objective performance comparison across representative Pareto solutions (S1: Min
Cost, S2: Knee Point, S3: Max Comfort, S4: Min Emission) and the non-optimized reference (S0)
under the Brazilian White Tariff (TOU-1): (a) user comfort index (Uc); (b) daily energy cost (BRL);
(c) daily CO2 emissions (kgCO2eq).

3.11. Comparison Between NSGA-III and NSGA-II

To verify the choice of NSGA-III, the problem of Equation (50) was also solved with
NSGA-II [42] under identical conditions: the same chromosome, constraints, weather
and tariff data (TOU-1), the same population size (250), number of generations (200) and
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crossover and mutation operators, and therefore the same budget of about 50,000 fitness
evaluations; only the selection of the next generation differs (reference points in NSGA-III,
crowding distance in NSGA-II). Both algorithms were run ten times with the same seeds.
The fronts were compared using the hypervolume (HV) of the front normalized by the
ideal and nadir points of the union of all fronts, with reference point (1.1, 1.1, 1.1) [54],
which measures convergence and diversity jointly; the spacing metric, which measures
the uniformity of the distribution; the number of non-dominated solutions; the best value
reached in each objective; the generation at which the HV reaches 99% of its final value;
and the computational time. Table 11 summarizes the results (mean ± standard deviation
over the runs).

The two algorithms exhibited comparable performance in terms of individual objective
extremes, but NSGA-III achieved a higher mean normalized hypervolume (1.193 ± 0.038)
than NSGA-II (1.115 ± 0.029), indicating better overall convergence and coverage of the
three-objective Pareto front. NSGA-III also reached 99% of its final hypervolume earlier,
at generation 139± 33, compared with 177± 12 for NSGA-II, although its results showed
greater variability across runs. Regarding the extreme objective values, NSGA-III achieved
slightly lower mean minimum cost and minimum emissions, whereas NSGA-II obtained a
higher and less variable maximum comfort index. The spacing indicator was also slightly
better for NSGA-II, suggesting a more uniform distribution of solutions according to this
metric. In terms of computational effort, NSGA-II was approximately five times faster,
requiring 5.4± 0.3 min per run, compared with 29.3± 8.9 min for NSGA-III. This overhead
is nevertheless acceptable for the proposed day-ahead scheduling framework, in which
optimization is performed before real-time operation. Overall, these results support the use
of NSGA-III when improved Pareto-front quality is prioritized, while NSGA-II remains a
computationally feasible alternative when computational efficiency is the primary concern.

Table 11. NSGA-III versus NSGA-II under the same computational budget (TOU-1, ten runs,
mean ± standard deviation).

Indicator NSGA-III NSGA-II

Normalized hypervolume (higher is better) 1.193± 0.038 1.115± 0.029
Spacing (lower is better) 0.0202± 0.0034 0.0183± 0.0024
Non-dominated solutions in the final population 250.0± 0.0 249.2± 2.5
Minimum ce (BRL/day) 16.21± 0.09 16.27± 0.09
Maximum Uc 1.170± 0.025 1.186± 0.006
Minimum ECO2 (kgCO2eq/day) 1.093± 0.007 1.095± 0.007
Generation at which HV reaches 99% of its final value 139± 33 177± 12
Computational time per run (s) 29.3± 8.9 5.4± 0.3

3.12. Sensitivity Analysis

The robustness of the results was assessed by perturbing one group of inputs at a time
(TOU-1) in two ways: (i) ex post, by re-evaluating the nominal schedules of S1 and S2 with
the perturbed inputs, without re-optimizing, which isolates the effect of the input on cost
and emissions; and (ii) re-optimized, by running NSGA-III again with the perturbed inputs
(five seeds) and comparing the median of the representative solutions with the median of
the nominal runs with the same seeds. The following scenarios were considered, and the
corresponding results are presented in Table 12:

• Tariff level: all consumption and injection prices multiplied by 0.8 and 1.2, keeping
the block structure.

• Forecast errors: the day-ahead temperature and irradiance series shifted by ± the test-
set RMSE of the stacking ensemble (temperature ±1.28 ◦C; irradiance ±0.12 kW/m2
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in daylight hours, limited to G ≥ 0), which bounds the typical forecast error of
Section 3.1.

• Thermal parameters: all envelope resistances and capacitances multiplied by 0.8
and 1.2.

• Solar gains: inclusion of the solar terms described in Section 2.5.1, with a window
area Aw = 1.2 m2 (consistent with Rw for 4-mm glazing), SHGC = 0.85, outer-wall
absorptance α = 0.5, and Am = 10 m2; the global horizontal irradiance is used as an
upper bound of the irradiance on the façade.

• Variable COP: COP increasing linearly as the outdoor temperature decreases,
COP(Tamb) = COPrated [1 + 0.25 (35 − Tamb)/15], i.e., a 25% variation between 35
and 20 ◦C instead of the constant rated value.

Table 12. Sensitivity of the knee point (S2) and minimum-cost (S1) solutions to the main inputs
(TOU-1). Values are relative changes (%) with respect to the nominal case. Ex post: nominal schedules
re-evaluated with the perturbed inputs; re-optimized: median of five runs with the perturbed inputs
against the median of the nominal runs with the same seeds.

S2 (Knee Point) S1 (Min. Cost)

Scenario ∆ce ∆Uc ∆ECO2 ∆ce ∆Uc ∆ECO2

Ex post (schedules fixed)

Temperature − RMSE −8.1 0.0 −9.3 −8.3 0.0 −9.9
Temperature + RMSE +7.8 0.0 +9.0 +8.1 0.0 +9.7
Irradiance − RMSE +15.4 0.0 +15.5 +15.7 0.0 +15.7
Irradiance + RMSE −21.1 0.0 −19.7 −21.1 0.0 −19.4
With solar gains +0.2 0.0 +0.2 +0.2 0.0 +0.2
Variable COP −3.6 0.0 −4.1 −3.7 0.0 −4.3

Re-optimized

Tariff × 0.8 −14.0 −2.3 −2.0 −10.5 −3.2 +0.5
Tariff × 1.2 +10.8 −2.1 −2.0 +11.6 −7.1 +0.1
Temperature − RMSE −8.0 −2.1 −11.7 −8.0 +6.1 −9.3
Temperature + RMSE −0.5 −1.4 +7.4 +9.0 +0.5 +11.1
Irradiance − RMSE +13.4 +2.8 +15.4 +15.4 +2.2 +16.5
Irradiance + RMSE −25.2 +2.6 −15.8 −23.4 −1.1 −24.1
R, C × 0.8 +4.0 −0.3 +1.3 +2.2 +4.9 +2.1
R, C × 1.2 −1.0 +0.5 −1.0 −1.0 −1.3 −0.8
With solar gains −1.5 +0.8 −0.8 +0.2 +5.8 +1.0
Variable COP −11.4 −2.1 −5.1 −3.7 −3.6 −4.3

The ex post results show how the forecast errors propagate into the day-ahead sched-
ule. An error of one RMSE in the outdoor temperature changes the daily cost of S2 by
about ±8% and its emissions by about ±9%, through the air-conditioner and water-heater
consumption, while an error of one RMSE in irradiance, applied to every daylight hour,
changes the cost by +15% to −21% through the PV generation. The comfort index does
not change, because it depends only on the schedule. These deviations are upper bounds
of the error of a single day, since the RMSE shift is applied with the same sign to all
hours, whereas actual forecast errors partly cancel over the day. When the optimization
is repeated with the perturbed forecasts, the representative solutions change by similar
amounts; i.e., re-optimizing does not compensate for a biased forecast. A tariff variation
of ±20% changes the cost by −14% to +12%, with little effect on comfort and emissions;
i.e., the schedules are robust to the price level. The thermal parameters (±20%), the solar
gains, and the variable COP change the cost by less than 4% ex post; with the variable COP,
the air-conditioner energy of S2 falls by 19.6%, confirming that the constant rated COP
is a conservative assumption, while the solar gains increase it by only 1.2%, because the
air conditioners operate at night. Differences of 2–5% in the re-optimized results, such as
the changes of comfort in the tariff scenarios, are within the run-to-run variability of the
algorithm (Section 2.8).
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4. Discussion and Practical Implications
4.1. Regulatory and Economic Alignment Under Brazilian Law 14300/2022

The transition from net-metering to tariff-based grid remuneration under Brazilian
Law 14300/2022 has introduced progressive grid access charges on distributed generation.
In this regulatory context, the traditional operational paradigm of maximizing solar energy
export is no longer financially viable. The proposed HEMS demonstrates that coupling
rooftop PV with EV storage and flexible load shifting increases self-consumption to 94.0%,
against 50.7% in the non-optimized household, effectively insulating prosumers from wire
tariff amortization costs. Furthermore, under the White Tariff, the 2.12:1 ratio between peak
(BRL 1.42/kWh) and off-peak (BRL 0.67/kWh) rates provides a strong price signal, enabling
the HEMS to prioritize EV charging during periods of excess generation or off-peak hours
without accelerating battery degradation.

4.2. Distribution Grid Peak Shaving and Asset Longevity

From a distribution system operator (DSO) perspective, uncoordinated residential EV
charging and simultaneous peak-hour appliance usage threaten low-voltage distribution
transformers with severe thermal overload and voltage degradation. The results in Section 3
demonstrate that the knee-point policy (S2) reduces the maximum grid import within the
peak tariff block from 1.67 kW (both the maximum-comfort schedule S3 and the non-
optimized reference S0) to 0.54 kW, a reduction of 67.4%, and avoids the 5.1 kW import
caused by the uncontrolled EV charging of S0 at midday. However, the EV charging
that is not supplied by PV is deferred to the first off-peak interval after the peak block,
where S2 imports 4.99 kW; if many households adopted the same strategy, this post-
peak rebound would create a new feeder peak, so a coordinated deployment would
require a power cap or a staggered charging window in the optimization. By acting
as a decentralized flexibility resource, the proposed framework can mitigate substation
congestion, defer capital-intensive grid reinforcement, and enhance the hosting capacity of
residential distribution feeders, provided that the post-peak rebound is managed.

4.3. Methodological Limitations

Several specific simplifications delimit the scope of the present findings. First, solar
radiation heat gains through building fenestration were omitted from the lumped RC enve-
lope model; while the literature confirms that outdoor air temperature governs the primary
thermal response [13], heavily glazed architectural designs may require explicit radiative
heat transfer terms; in the case studied, including them changes the air-conditioner energy
of S2 by 1.2% and its cost by 0.2% (Section 3.12), because the air conditioners operate
at night. Second, the comfort matrix was constructed from aggregated national survey
statistics [19] rather than real-time smart meter telemetry from an individual household;
however, the framework seamlessly ingests personalized usage data. Third, the simulation
evaluates a representative day-ahead horizon; multi-seasonal continuous operational test-
ing with rolling-horizon model predictive control (MPC) will further consolidate long-term
battery degradation and cycling economics. Representative summer and winter days
would change the air-conditioning demand, the shower inlet temperature, and the PV
output, and therefore the absolute costs and emissions; extending the simulations to these
days is part of future work.

Fourth, the air conditioner uses a constant rated COP. Because the rating condi-
tion (35 ◦C outdoors) is hotter than the outdoor temperatures in the hours of operation
(19.7–21.0 ◦C), this assumption tends to overestimate the AC consumption; with a COP
that varies by 25% between 20 and 35 ◦C, the AC energy of S2 falls by 19.6% and its daily
cost by 3.6% (Section 3.12). Part-load effects were not modeled. This error is of a different
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nature from the difference of Table 10, which refers to the water heater and not to the
air conditioner.

Fifth, the emission factor E f (i) is an average hourly profile of a representative day of
2023 (direct intensity)—not the marginal intensity of each hour. In the average profile, the
evening hours have the lowest intensity, whereas the marginal plant in the evening ramp of
the Brazilian grid is typically a thermal plant. With marginal factors, the evening imports
of S4 would therefore be penalized, and the emission reduction of S4 relative to S1, which
is small in the present results (1.0–2.2%), could change sign; the reduction relative to S0 and
S3, which comes mainly from the self-consumption of the PV surplus, would be preserved.
The emission results should therefore be read as attributional.

Sixth, the EV charger is unidirectional (G2V). V2H operation would allow the EV
battery to supply the evening load and could further reduce the evening import; it was not
considered because it requires a bidirectional charger and increases battery cycling, and
this is left for future work.

Finally, the forecasting errors of Section 3.1 affect the day-ahead schedule; their effect
on cost, comfort, and emissions was quantified in Section 3.12 (about ±8% of the daily cost
for one RMSE of temperature), and in a real deployment, it would be further reduced by a
rolling-horizon re-optimization with updated forecasts. The envelope parameters adopted
make the wall layers weakly coupled to the indoor air so that the heat exchange of the
rooms occurs mainly through the glazing; detailed envelope data of a specific dwelling
would be needed to quantify the pre-cooling potential of the wall mass.

5. Conclusions
This paper proposed an advanced multi-objective home energy management system

that integrates the NSGA-III evolutionary algorithm with physics-based building envelope
and TCL models, deep-learning stacking meteorological forecasting, and electric vehicle
battery storage (EVESS). The main conclusions are summarized as follows:

1. Comprehensive Multi-Objective Trade-offs: The multi-objective framework estab-
lishes clear Pareto trade-offs among cost, comfort, and emissions. Under the Brazilian
White Tariff (TOU-1), the knee point solution (S2) reduces the daily cost by 27.1%
(BRL 185/month) and the emissions by 28.3% with respect to a non-optimized house-
hold (S0) while keeping 90.2% of the theoretical maximum comfort. Within the
optimized front, S2 retains 91.8% of the comfort of the maximum-comfort schedule
(S3) at only BRL 0.49/day above the minimum-cost policy (S1), which saves 22.2%
relative to S3. Under the more segmented TOU-2, S2 saves 20.3% relative to S0.

2. Environmental Decarbonization and Peak Mitigation: The minimum-emission policy
(S4) reduces daily emissions to about 1.09 kgCO2eq/day (13.2% below S3 under
TOU-1 and 18.0% under TOU-2, and about 32% below S0), mostly through the self-
consumption of the PV surplus, which also reduces cost. Coordinated EV charging
and load scheduling reduce the maximum grid import in the peak tariff block by
67% and raise PV self-consumption from 50.7% to 94.0%, which is in alignment with
Brazilian Law 14300/2022; the deferred EV charging, however, creates a post-peak
import of about 5 kW that must be limited if the strategy is adopted at scale.

3. High-Fidelity Physical Coupling: Incorporating a 4R3C building thermal network
and a thermodynamic water heater model directly into the optimization fitness func-
tion reflects weather-driven load dynamics: for the shower, a constant-power model
would overestimate the daily energy by 42.2%, and an error of one RMSE in the tem-
perature forecast changes the daily cost by about ±8%, which shows the importance
of accurate weather forecasts for day-ahead scheduling.
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4. Algorithm choice: For this three-objective problem, NSGA-III and NSGA-II produced
statistically equivalent fronts under the same computational budget, NSGA-II being
about five times faster.

Future research will extend this framework toward multi-zone building thermal
dynamics, rolling-horizon model predictive control (MPC) with real-time feedback compen-
sation, and vehicle-to-grid (V2G) and vehicle-to-home (V2H) operation, ancillary service
provision for low-voltage distribution networks, representative summer and winter days,
hourly marginal emission factors, and the co-optimization of load scheduling with passive
envelope measures such as insulation and phase change composites, whose effect can be
represented by the capacitances and resistances of the RC model.
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Nomenclature

Abbreviations
AB, AS Air conditioner of the bedroom and of the suite
AC Air conditioner
CD Clothes dryer
CF, FF Ceiling fan, floor fan
COP Coefficient of performance
DW Dishwasher
EI Electric iron
EO Electric oven
ES Electric shower (tankless water heater)
EV Electric vehicle
EVESS EV energy storage system
G2V Grid-to-vehicle
HEMS Home energy management system
HV Hypervolume indicator
4R3C Four-resistance, three-capacitance network
WM Washing machine
LSTM Long Short-Term Memory network
MAE Mean absolute error
MAPE Mean absolute percentage error
NSGA Non-dominated Sorting Genetic Algorithm
PV Photovoltaic
RC Resistance–capacitance
RMSE Root mean squared error
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SH Smart home
SIN Brazilian National Interconnected System
SOC, SOH State of charge, state of health
TCL Thermostatically controlled load
TCN Temporal Convolutional Network
TFT Temporal Fusion Transformer
TOU Time-of-use (tariff)
V2G, V2H Vehicle-to-grid, vehicle-to-home
Indices and sets
i Hourly interval, i = 1, . . . , Ni (Ni = 24)
j Appliance index
Nc, Nt Number of shiftable and thermal appliances
Nnc Number of non-controllable appliances
Parameters and variables
cd, n Cycle duration (h), number of daily cycles
pcd Fraction of the operating hour at nominal power
ce Daily operation cost (BRL)
ccon, cinj Consumption cost, injection revenue (BRL)
cdeg, cp Battery degradation cost, SOC penalty (BRL)
cp Specific heat of water (J/kg·◦C), Equations (8)–(20) only
Ca Thermal capacitance of indoor air (J/K)
Cm,in, Cm,out Capacitances of inner and outer wall layers (J/K)
Cbat EV battery capacity (kWh)
Cinv Battery replacement cost (BRL/kWh)
ECO2 Daily emissions (kgCO2eq)
E f (i) Grid emission factor (kgCO2eq/kWh)
f (i, j) Usage probability (comfort matrix)
sp(i, j) Binary schedule of appliance j
Par, Ps Electrical power of AC and shower (W)
Pt Thermal-load power, Par + Ps (W)
Pc, Pnc Shiftable and non-controllable power (W)
Ph Total smart-home demand (W)
Ppv PV generation (W)
Pnet, Pgrid Net and grid exchange power (W)
Pbat, Pope Charger power, EV driving power (W)
Pcd Charging fraction (decision variable)
Qtotal Thermal power extracted by the AC (W)
Qs Thermal power of the shower heater (W)
Rin, Rout Convective resistances (K/W)
Rm, Rw Wall and window resistances (K/W)
Ta, Tamb Indoor-air and outdoor temperatures (◦C)
Tm,in, Tm,out Inner/outer wall temperatures (◦C)
Tset AC set-point (◦C)
Uc Comfort index (appliance-timing preference)
∆t Time step (h)
ηch, ηrt, ηs Charging, round-trip and heater efficiencies
σ Battery self-discharge rate
SOCmin, SOCmax SOC limits
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