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Abstract

The residential energy sector contributes substantially to global energy-related emissions.
Effective energy management requires an understanding occupant behavior through ac-
tivity detection and habit identification. Recent advances in artificial intelligence (AI) and
machine learning (ML) enable the automatic detection of user activities and prediction of
energy needs based on historical consumption data. Non-intrusive load monitoring (NILM)
facilitates device-level disaggregation without additional sensors, supporting demand
forecasting and behavior-aware control in Home Energy Management Systems (HEMSs).
This review synthesizes various Al and ML approaches for detecting user activities and
energy habits in HEMSs from 2020 to 2025. The analyses revealed that deep learning
(DL) models, with their ability to capture complex temporal and nonlinear patterns in
multisensor data, achieve superior accuracy in activity detection and load forecasting,
with occupancy detection reaching 95-99% accuracy. Hybrid systems combining neural
networks and optimization algorithms demonstrate enhanced robustness, but challenges
remain in limited cross-building generalization, insufficient interpretability of deep mod-
els, and the absence of dataset standardized. Future work should prioritize lightweight,
explainable edge-ready models, federated learning, and integration with digital twins and
control systems. It should also extend energy optimization toward occupant wellbeing and
grid flexibility, using standardized protocols and open datasets for ensuring trustworthy
and sustainability.

Keywords: machine learning; deep learning; building automation; activity recognition;
user habit detection; home energy management; occupancy prediction; demand response

1. Introduction

The residential sector represents a primary area of concern for global efforts to reduce
greenhouse gas emissions and optimize energy consumption. It is estimated that the
buildings energy sector accounts for a significant portion of global energy-related gas
emissions and consumes over 40% of total final energy [1]. At the same time, the demand
for energy in this sector is increasing in response to climate change. Specifically, the rapid
increase in cooling requirements has caused air conditioning to become a growing source
of load for power grids and CO, emissions. In consideration of these challenges, the
implementation of Home Energy Management Systems (HEMSs) has become increasingly
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essential. These systems must be capable not only for monitoring energy consumption,
but also actively controlling it by loads shifting, etc. [2,3]. Traditional energy-conservation
approaches, such as educational campaigns and replacing older devices with more efficient
models, have achieved limited success because they often overlook the complexity of user
behavior and changing energy market conditions.

The effective management of residential energy environments requires a deep analysis
of how building occupants use energy. This includes an examination of their specific
activities and various energy habits, as well as the external factors that may influence
their behavior [4,5]. Recent advancements in the fields of artificial intelligence (AI) and
machine learning (ML) have opened new avenues for addressing this issue. Rather than
being dependent on manually programmed control rules, it is now possible for technical
systems to learn directly from historical energy-consumption data to automatically discover
activity patterns and user habits [6]. Furthermore, learning can be facilitated throughout
the entire life cycle of a building to enable control scenarios that may vary over time [7].
Activity detection relies on analyzing energy consumption time series using advanced
algorithms. Through disaggregating total energy consumption at the appliance level, often
referred as non-intrusive load monitoring (NILM)), it is possible to identify individual
activities without installing additional sensors in every device [8-10]. These detectable
events include daily activities, such as meal preparation, hygiene routines, and laundry,
as well as appliance states and potential energy usage anomalies that are indicative for
equipment malfunction or irregular usage.

Energy habits are characterized by repetitive, long-term patterns of user behavior
beyond immediate activities. Dedicated Al and ML models can learn these patterns from
historical data and forecast future behaviors with high accuracy. These habits include
occupancy schedules, enabling the automatic adjustment of Heating, Ventilation, and Air
Conditioning (HVAC). Furthermore, automatic lighting systems with absence detection
accuracy ranging from 95% to 99% can also be applied [11-13]. Additionally, these models
can identify seasonal and weekly patterns, thermal comfort preferences, and specific
morning or evening routines. The precise detection of activities and habits is the foundation
of advanced home energy management and leads to significant benefits, such as demand
forecasting, time-of-use optimization, and peak shaving. By identifying peak usage patterns
and user habits, HEMSs can anticipate loads and actively participate in demand side
management (DSM) and demand response (DR) programs, potentially reducing energy
costs and balancing distribution loads. Furthermore, these systems facilitate predictive
diagnostics and optimize self-consumption in homes with photovoltaic panels or energy
storage systems by adapting charging cycles to detected usage peaks [14].

This review aims to provide a structured synthesis of recent research on applying Al
and ML methods to detect user activities and identify energy habits within HEMSs. This
article’s key contributions are as follows:

e A compilation and comparison of existing approaches and algorithms, as well as
their results.

e A comparative analysis of different AI/ML architectures in terms of accuracy and
practical application.

e Identification of gaps in current research.

e  Delineation of promising research directions and technologies.

In the context of habit identification, the review focuses on predicting building occu-
pancy, thermal comfort based on user preferences, and detecting seasonal user activities,
including energy consumption profiling. Regarding activity recognition, the study concen-
trates on sensor-based activity recognition and energy disaggregation to detect appliances
operating within the network.
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The remainder of this paper is organized as follows. Section 2 describes the methodol-
ogy employed for the literature review and article selection. Section 3 presents a comprehen-
sive overview of user habits and activity detection for adaptive HEMSs, covering occupancy
prediction, thermal comfort preferences, and seasonal profiling, as well as sensor-based
activity recognition and energy-disaggregation techniques. Section 4 discusses existing
research gaps and outlines future works and directions for the advancement of intelligent
energy-management systems. Finally, Section 5 offers a summary and concludes the article.

2. Methodology of Review

This review is based on a structured literature survey employing a multi-stage search
and screening procedure applied to scientific and technical publications published between
2020 and 2025. The objective of the investigation was to identify and categorize methods,
recent trends, and research directions related to the use of Al, particularly ML and deep
learning (DL), to occupant habits and activity detection for adaptive HEMSs. The search
strategy was based on combining thematic keyword groups using Boolean logic. Synony-
mous terms were connected with the OR operator, while conceptually distinct groups were
combined using AND. The keyword groups covered (i) user activities and habits (e.g.,
activity recognition, occupancy detection, routines), (ii) Al-based methods (machine learn-
ing, deep learning), and (iii) the application context (home energy management systems,
smart homes, residential energy). Searches were applied to titles, abstracts, and keywords
or topic fields, depending on the database.

The literature review process comprised two primary phases. In the first stage, a
comprehensive and structured search was conducted across the primary bibliometric
databases, namely Scopus, Google Scholar, and Web of Science. The search queries included
combinations of keywords such as user habit detection, user activity recognition, ML, and
DL. The preliminary set of publications was filtered according to three key criteria: topical
relevance, scientific rigor, and the presence of quantitative performance metrics. The results
of the bibliometric analysis are presented in Table 1, detailing the number of research and
review papers retrieved for each category across the examined databases.

Table 1. The literature review results from bibliometric databases.

User Activi User Habits User Activit; User Habits
A User Activity User Habits Lo ty Detection AND o y Detection
Database Publication Type R Lo . Recognition AND . Recognition AND
ecognition Detection s s Machine . AND Deep
Machine Learning L . Deep Learning .
earning Learning
Web of Articles 2913 192 736 42 663 33
Science Reviews 131 5 33 1 21 1
Scopus Articles 1972 157 526 35 494 29
P Reviews 110 7 38 1 25 1
Google Articles 727,000 41,700 17,900 18,100 17,900 18,100
Scholar Reviews 50,800 13,600 17,300 17,500 16,900 17,600

* AND denotes Boolean conjunction between keyword groups; synonyms were combined using OR.

The second phase of the study involved a focused review of publications from major
scientific publishers, including MDPI, Springer, the ACM Digital Library, Elsevier (Sci-
enceDirect), IEEE Xplore, Taylor & Francis, and Wiley Online Library. This stage aimed
at identifying high-impact contributions—such as journal articles, review papers, and
selected conference proceedings—that demonstrated real-world applicability, methodolog-
ical robustness, and model validation. The outcomes of this publisher-based search are
summarized in Table 2, which outlines the thematic coverage and publication volume
across the considered platforms and subcategories.
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Table 2. The literature review results from publisher databases.
- . - User Habits
. . User Activity User Habits User Activity .
Database Publication Type II.J{ser AC!I]Yll’y User Ha.blts Recognition AND Detection AND Recognition AND Detection
ecognition Detection : - R . . AND Deep
Machine Learning Machine Learning Deep Learning .
Learning
Springer Atrticles 22,282 4041 11,682 2347 10,211 1984
Prng Reviews 3620 565 2086 343 1771 298
Sci Di Articles 72,768 9958 31,576 4797 33,178 4470
cience Direct Reviews 15,180 2071 7866 1170 7480 1086
Atrticles 327 43 67 2 73 3
MDPI Reviews 16 1 4 0 1 0
Conf. papers 3813 193 0 0 0 0
IEEE Xplore Journals 903 31 0 0 0 0
Taylor & Atrticles 444,431 56,083 42,499 6400 167,536 28,320
Francis Reviews 25,831 1137 3706 388 7355 932
ACM Digital Research papers 104,017 8986 60,426 5282 64,396 6574
Library Reviews 28 3 21 2 21 3
Wiley Online Journal papers 1,033,892 64,086 84,865 7484 173,439 20,194
Library Books 47,293 6793 11,601 1805 20,426 4056

* AND denotes Boolean conjunction between keyword groups; synonyms were combined using OR.

Tables 1 and 2 illustrate the publication landscape and thematic saturation of research
related to the Al-based detection of user activities and habits in residential and smart
building contexts. They are intended to provide contextual insight into the scope and
distribution of the field rather than to represent the directly screened corpus.

As it has been mentioned, the review was limited to the period from 2020 to 2025
to capture the most recent advances in the Al- and ML-based detection of user activities
and habits. Earlier periods have already been widely discussed in prior surveys and
reviews; repeating those findings would distract from the focus on current, application-
oriented progress. In this context, Table 1 summarizes general keyword-based searches
in bibliometric databases, while Table 2 complements these results with targeted queries
across publisher platforms and publication types.

Following the initial search across bibliometric databases and publisher platforms,
duplicate records were removed and the remaining studies were screened at the title and
abstract level. Full-text assessment focused on methodological clarity, the availability
of quantitative evaluation, and relevance to Al-based user activity or habit detection in
home energy-management systems. This multi-stage screening resulted in a final set of
74 peer-reviewed publications.

For clarity and comparability, the selected publications were further grouped accord-
ing to their primary application focus, including occupancy prediction, thermal comfort
modeling, and seasonal or long-term activity recognition. This thematic classification un-
derpins the structure of Section 3 and the topic-specific tables presented in the subsequent
parts of the review.

3. User Habit and Activity Detection for Adaptive HEMSs

Following the preliminary survey and systematic screening process, a final set of
74 publications was selected for in-depth analysis. The selection was guided by several key
criteria, including relevance to user behavior and activity detection in real or simulated
environments, transparency and reproducibility of the applied methodologies, availability
of input and output variables, inclusion of quantitative model performance evaluations,
and representation of diverse Al-based modeling paradigms. To improve clarity and reduce
potential ambiguity arising from varying terminology used in the original studies, Table 3
was introduced. This table provides definitions and brief descriptions of the most frequently
used algorithms and methods discussed in the manuscript. The reviewed studies span a
broad range of indoor environments, such as residential dwellings, classrooms, university
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laboratories, healthcare facilities, and commercial spaces. As presented in Tables 4-8, a

comprehensive compilation of the most relevant publications has been assembled, detailing

key parameters, object types, applied methodologies, and performance metrics.

Table 3. List of most frequently used algorithms and methods discussed in the manuscript.

Method

Type

Description

Random Forest (RF)

Machine Learning

Random Forest is an ensemble algorithm that constructs multiple
decision trees using randomly selected subsets of data and features,
aggregating their outputs through majority voting or averaging. This
approach effectively reduces overfitting by decreasing correlation
among individual trees, resulting in improved accuracy and
robustness in predictive tasks [15].

Support Vector Machines
(SVM)

Machine Learning

Support Vector Machine constructs an optimal hyperplane that
maximizes the margin between distinct classes in a high-dimensional
space, thus enhancing classification accuracy. It handles both linearly
separable and non-linear data through kernel functions that map
input data into higher-dimensional spaces where linear separation is
feasible. The method explicitly controls the trade-off between
classifier complexity and misclassification, providing robust
generalization capabilities [16].

Long Short-Term Memory
(LSTM)

Deep Learning

Long Short-Term Memory (LSTM) is a recurrent neural network
architecture designed to overcome the vanishing gradient problem,
allowing it to learn long-term dependencies in sequential data. By
using memory cells and gating mechanisms, LSTM networks
effectively retain and access information over extended sequences,
making them highly suitable for tasks like speech recognition,
time-series analysis, and natural language processing [17].

Decision Trees (DT)

Machine Learning

Decision Trees are supervised learning models that recursively
partition the input space into regions with increasingly homogeneous
target values. At each step, the algorithm selects a predictor and a
split (or multiway partition) that maximizes the separation of the
target variable across the resulting child nodes, producing a rooted,
directed tree whose internal nodes represent decision tests and whose
leaves correspond to terminal prediction rules. Decision trees
natively accommodate nominal, ordinal, and interval predictors,
handle missing values through explicit routing strategies, and yield
highly interpretable, rule-based models that expose local,
context-dependent interaction effects between predictors [18].

k-Nearest Neighbors
(KNN)

Machine Learning

Gradient Boosting Machines (GBMs) are an ensemble learning
technique that builds predictive models by iteratively combining
weak learners, typically decision trees, to form a strong predictive
model. GBMs are based on the principle of boosting, where each new
model corrects the errors of the previous ensemble. The core idea is
to fit new models to the negative gradient of the loss function, which
measures the difference between predicted and actual values, thereby
minimizing the loss step-by-step [19].

Gated Recurrent Unit
(GRU)

Deep Learning

Gated Recurrent Units (GRUs) are a streamlined variant of the Long
Short-Term Memory (LSTM) architecture, designed to efficiently
model sequential data in recurrent neural networks (RNNs). GRUs
employ two gating mechanisms—the update gate and reset gate—to
regulate the flow of information between hidden states, enabling
improved handling of long-term dependencies compared to
traditional RNNs. With fewer parameters than LSTMs, GRUs offer
computational efficiency while maintaining comparable performance,
making them a widely adopted choice for tasks such as speech
recognition, natural language processing, and time-series analysis.
Their simplified structure facilitates faster training and reduced
memory usage without sacrificing effectiveness in capturing
temporal patterns [20].
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Table 3. Cont.

Method Type Description
A multi-layer perceptron (MLP) is a feed-forward neural network
with an input layer, one or more hidden layers, and an output layer,
. where each neuron applies a weighted sum, bias, and nonlinear
Multi-Layer Perceptron . S o . . .
Deep Learning activation to its inputs. By stacking these layers and training weights

(MLP)

and biases with gradient-based optimization on labeled data, MLPs
can model complex nonlinear relationships for classification and
regression beyond what a single-layer perceptron can represent [21].

Logistic Regression (LR)

Machine Learning

Logistic regression (LR) is a supervised statistical model used to
predict the probability that an observation belongs to one of several
categorical outcome classes, most commonly a binary outcome coded
as 0 and 1. Instead of modeling the dependent variable directly,
logistic regression models the log-odds of category membership as a
linear combination of the independent variables and then maps this
linear predictor to the [0, 1] range via the logistic (sigmoid) function,
yielding interpretable probabilities and odds ratios. Logistic
regression does not require multivariate normality or
homoscedasticity of predictors and is therefore widely applied as a
flexible alternative to linear regression and discriminant analysis
when the dependent variable is categorical [22].

Artificial Neural Network
(ANN)

Deep Learning

Artificial Neural Networks (ANNSs) are computational models
inspired by the structure and function of biological neural networks,
designed to simulate the way the human brain processes information.
ANN s consist of interconnected nodes (neurons) organized in
layers—input, hidden, and output—which collectively learn to
recognize patterns, classify data, and make predictions through
adaptive weight adjustments during training. Their ability to model
complex, nonlinear relationships makes them highly effective in
diverse applications, including pattern recognition, machine learning,
and data analysis [23].

Convolutional Neural
Network (CNN)

Deep Learning

A Convolutional Neural Network (CNN) is a deep feed-forward
neural architecture that learns hierarchical feature representations by
applying trainable convolutional filters, nonlinear activations, and
pooling operations to structured data such as images, audio, or time
series. Through local connectivity, weight sharing, and
down-sampling, CNNss efficiently capture spatial or spatiotemporal
patterns while greatly reducing the number of parameters compared
with fully connected networks, which enables state-of-the-art
performance in tasks like visual recognition, detection, and
segmentation without manual feature engineering [24].

Support Vector Regression
(SVR)

Machine Learning

Support Vector Regression (SVR) is a supervised learning algorithm
that extends the Support Vector Machine framework to continuous
prediction by finding a function that approximates the target values
within an epsilon-insensitive tube, minimizing structural risk
through margin maximization. SVR maps input data into a
high-dimensional feature space via kernel functions (e.g., RBF,
polynomial, or Pearson VII universal kernel) where a linear
regression hyperplane is fitted, with only support vectors—data
points outside or on the tube boundary—contributing to the model.
This approach yields sparse, robust models with strong
generalization for nonlinear relationships, interpretable via kernel
matrix visualization, and regression coefficient profiles [25]

3.1. Occupancy Prediction

Research on occupancy prediction is currently focused on two main areas: accurate

prediction, which refers to short-term (minutes-scale) classification of occupancy status at

the room level, and generalized models using transfer learning, unsupervised methods,

and semi-supervised approaches [26-28]. In the context of residential buildings, both
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models that directly predict occupancy and those that directly link prediction quality
to the operation of HVAC systems are being developed [29-31]. Conversely, in public
buildings, on the other hand, there is a strong emphasis on scalability between rooms and
buildings, resilience to data anomalies, and minimization of requirements for additional
sensor wiring [13,32,33].

In the residential sector, occupancy prediction is most often formulated as a binary
classification (presence 0/1) in minute or ten-minute time steps. It is based on environmen-
tal data, energy consumption, and simple motion sensors. Seasonal models for a single
apartment in the HIKARI building show that separating data by season and using classic
ML algorithms (GBDT, RE, ANN) allows F1 scores above 0.85-0.92 to be achieved. This
significantly outperforms a generalized year-round model. In the other hand, work that
couples occupancy prediction with heating control shows that the way the problem is
framed (arrival time vs. 0/1 state) and domain metrics (MissTime, energy savings) have
a greater impact on HVAC performance than the choice of the algorithm itself: kNN in
occupancy state classification provides the best compromise between comfort and savings,
while regressive DTs maximize savings at the expense of comfort. The use of AMI me-
ter data alone (without additional sensors) is possible thanks to DL models combining
CNN and BiLSTM. The model built on this combination achieves approximately 89-90%
accuracy and clearly outperforms classic classifiers and simpler deep networks. Another
approach is to use thermal comfort parameters alone (temperature, RH, light, CO;). In
this setup, simple classifiers (kNN, AO-ANN, DT) achieve accuracies of 99%+ and SHAP
analysis exposes the important role of such parameters as lighting and CO; in the model’s
decisions [12,29,30].

In the context of public buildings, the complexity of the sensory environment and the wide
variety of space types are of particular significance. A review of methods shows a very wide
range of sensors (PIR, cameras, UWB, Wi-Fi/BLE, CO,, energy meters) and models—from
deterministic schedules and Markov chains to deep CNN and LSTM networks—with
typical accuracies of 80-95% for a well-chosen combination of sensors and algorithms. In
the domain of smaller offices, the use of transfer learning in sequential models (stacked
LSTM, deep MLP) allows models to be transferred between rooms: pre-training on a long
history of one room and fine tuning on short series from the others, increases accuracy
from 62-66% to approx. 69-71%, which is particularly important when labeled data is
limited [28,34]. In a multi-sensor building, a scalable CDLSTM architecture with transfer
learning based on CO, and temperature has been proposed. With only two days of data
from the target room, an MCC of approx. 0.81-0.82 can be achieved, which is comparable
to a model trained from scratch over five days. The same model transferred to similar
rooms achieves an MCC of 0.83-0.85. The idea of scalability is further developed in the
Occupancy Sense system, in which the spatiotemporal context (time of day, zone type)
is combined with environmental sensors and PIR. Gradient Boosting on trees (CatBoost)
achieves 98-99% accuracy here and significantly outperforms RF, XGBoost, SVM, and
neural networks [27,32,33].

Other studies explore newer data representations and unsupervised and semi-
supervised techniques. The transformation of multidimensional time series into 2D images
and the application of transfer learning from AlexNet/GoogLeNet or classic pixel classifiers
allows for accuracies of 98-99% to be achieved for various spaces (UCI, student rooms,
living rooms), with kNN and RF models performing particularly well when learned on
images. Instead of supervised classification, some studies propose estimating occupancy
levels using unsupervised methods: EXKMC combines k-means with a small threshold tree,
producing easy-to-interpret if-then rules and achieving a weighted F1 score of 82-85%,
which is better than supervised DTs, especially for the rare class of “2 people.” At the
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Artificial Neural Network (ANN) =,

Deep Neural Network (DNN)

Long Short-Term Memory (LSTM)

Climate Deep Long Short-Term Memory (CDLSTM)

Gated Recurrent Unit (GRU) —

/
1 X

Bi-GRU

Convolutional Neural Network (CNN) —

|

Recurrent neural network (RNN) =/
LSTM Autoencoder (LSTM-AE) =

Transfer Learning -/

CNN-LSTM

CNN-BILSTM

ConvLSTM

GCN-LSTM

XGB-RFECV

system level, the use of semi-supervised methods for indirect occupancy estimation from
operational signals (energy, simple sensors) allows a similar level of accuracy/F1 to be
kept with a significant reduction in the number of labels, making these approaches more
practical in existing buildings. On the other hand, in large buildings (grid interactive
efficient buildings), the importance of data quality is growing. For example, a hybrid LSTM
autoencoder for detecting anomalies in sensor power consumption and LSTM/GCN-LSTM
models for occupancy prediction improves prediction quality by 13-14%. Furthermore,
DR scenarios based on these forecasts have been shown to facilitate a reduction in HVAC
energy of approximately 20% [11,35].

There is also a growing trend towards models that use rich, heterogeneous data and
sequential computations. A study comparing DNN, LSTM, Bi-LSTM, GRU, and Bi-GRU
models for three types of spaces (office, library, lecture auditorium) shows that bidirectional
architectures and GRU best combine accuracy with a minimal feature set. It is worth noting
that for several key variables (e.g., cooling energy, number of Wi-Fi devices), they achieve
very low MAE and RMSE, which has a direct impact on HVAC control and space-utilization
analysis. At the same time, several review papers systematize the results and indicate
that combining multiple types of sensors (e.g., CO, + Wi-Fi + energy) with intelligent
feature selection and DL usually achieves accuracies of >90%. However, the problem
of generalizing models across buildings, seasons, and space types remains one of the
main research challenges [27,34,36]. The visual classification of algorithms (types and
methods) for occupancy prediction is presented on Figure 1. As demonstrated in Table 4,
a comprehensive collection of the most relevant publications on occupancy prediction
methods has been compiled. This compendium includes key parameters, object types,
methodologies, and performance indicators.

Linear Regression / Logistic Regression (LR)
Support Vector Machine (SYM)
Support Vector Regression (SVR)

Deep Learning

k-Nearest Neighbors (kNN)

Decision Tree (DT, CART)

Random Forest (RF)
Machine Learning

Occupancy Prediction

Gradient Boosting (GBDT, XGBoost, CatBoost)

AdaBoost
Gaussian Naive Bayes
K-Means / EXKMC

Markov Models / HMM

SHAP (XAI - explainability)
~»- Hybrid Models

Figure 1. Algorithms classification for occupancy prediction.
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Table 4. The list of selected publications: Occupancy Prediction.

Limitations

Object Type Algorithms Result Advantages
Universal models
. . less adaptive; higher
) ) GBDT, RE, ANN: F1 > 0.85 (in High F1 (>0.85-0.92); computational cost
Residential LR, SYM. DT summer and winter up to seasonal models and tunin:
[26] (apartment— ¢ AN 0.90-0.92); seasonal models outperform universal e 5
HIKARI, L GBDT, RF, ANN lear] fect . needs; limited
, Lyon) clearly more eftective than ones; GBDT, int abili d
“universal” ones RF, ANN. }11n irpre ar 1t1ty an
igher maintenance
for seasonal training.
Balanced
Classification: 74-76% accuracy; Comfiﬁr_ﬁierg},
best comfort-savings: kNN trade-off: KNN Moderate accuracy
N . é and prediction delays
(TOPSISR ~0.71, achieved best overall PR
Residential MissTime = 23 min/day, performance (MAEf ~1 hg 11m1tecc11
[29] (apartments, test DT, kNN, MLP, GRU 4-5% savings); regression: (TOPSIS =~ 0.71, gain from .a vance:
house simulation) MAE arrival 59-67 min; choice 4-5% savings); models; model
of problem formulation more consistent Sgrlietjcctla?rtlﬁgis
mp Oitf}?;]tggﬁ tchllglce of Cl?;il_f;c;oz?n problem formulation.
across model.
Overall accuracy
Transfer learni o)
Public Stacked LSTM, deep Fest: .stack;;io/LSTM wéthét;g/nsfcer. rZ?gSnei;iciil;?)lfng nlllgzi(i?;z’[:n(s?tzge/ ’ZE)
[28] (offices—University  sequential MLP, SVM, earm}nﬁ—t A ° (rofo ml ), 69% (C); improved accuracy spatial variability;
of Southern Brittany)  RF; transfer learning withou Nzazrl%gol;o earning ~+5-8 pp); high training
stacked LSTM. complexity and
data demand.
. High detection L
. . Most studies: accuracy of & o Limited
lsv\[;il\c/lhlﬁsnze%{}lr%: detection/prediction of accuracyé&O—% %) generalization across
Public and residential Yy =guianit presence 80-95% across diverse buildings;
[27] : - K-means), Deep . . settings; effective
(overview—rvarious) L . (sensors + ML); challenge: . > dependence on
earning (RNN, lization of model integration of sensor toxt ific dat
LSTM, hybrids) generalization of models data with context-specific data
! between objects ML/DL models. and calibration.
CNN-BiLSTM
CNN-BiLSTM achieved highest High computational
-Bi , ~90%) with ;
Residential CNN-LSTM, CNN-BiLSTM: ~89-90% ey (Fl ; A[)JVCV.I hc.‘t’St't C"mﬂl.e". ed
[30] (single-family homes, ConvLSTM, CNN, accuracy, high F1/AUG; q & Jels a.rct 1ec ?rg?lf. 1mi ’3
ECO dataset) LSTM, MLE, kNN, alternative DL ~80-89% eep models interpretability an
SVM, RE AdaBoost effectively capture scalability to
temporal- unseen homes.
spatial features.
Very high accuracy High computational
Residential and CNN, AlexNet,  Images + KNN/RF: UCI99.4%, . (%95-99%); - demand; privacy
[11] public (student room, GoogLeNet (transfer), student room 99.1%, living . 3 ) i
living room, UCI) KNN, DT, RE room 98.5%; CNN up to 95-99%, ~ With transfer learning  scalability beyond
deliver robust controlled
occupancy detection. environments.
Very low
: : diction error Model performance
. N MAE: office (Bi-GRU) ~0.12; predict . o
Public (loﬁilce, library, DNN, LSTM, library (GRU) ~0.16; lecture %\/[égﬁ, 0,}:1_%11{%; sm;—clepencfldent, high
[36] oM micersit Bi-LSTM, GRU, (Bi-GRU) ~0.09; RMSE Hortively model e menter
OOM—UNIVEISILY,  Bi GRU, XGB-RFECV ~ ~0.33/0.33/0.32 respectively; etiectively mode requuiremeiis;
Singapore) . e temporal dynamics interpretability
key features: CO,, Wi-Fi T
from CO, and remains limited.
Wi-Fi data.
Vor ighacuray et
Public (synthetic/lab KNN. AO-ANN (BP kNN, AO-ANN: 99.5% (%991%); i n"(selfllxgaf le validity; potential
[12] dataset—Kaggle 'DT: SHAP (BP), accuracy; DT: 98.9%; SHAP: r;:su ts Vlal. h C’Oey overfitting; low
room occupancy) ! dominant features—light, CO, eatures g lgt b ith 2) diversity of
occclcl);;;fc;r;oevl\:;vior environmental
) conditions.
Broad applicability  performance strongl
; gly
across sensing d dent:
@Sﬁiiuﬁhh&ags& Review: cameras/CNN/UWB modalities; modern SenS;)irvaspzl:l den ’
341 Public & residential QNN Troow R ~90-95%+, CO,/ANN/SVM ML/DL(CNN, PEVECY 2 es:
(overview—various) Boosting, CNN. 80-95%, Wi-Fi/BLE/ML LSTM, TL, FL) ata-sharing issues;
& ’ ~90-98%, classic PIR 70-90% achieve high heterogeneous setups
LSTM, hybrid, TL, FL accuracy (>90%) hinder model

with diverse inputs.

generalization.

https:/ /doi.org/10.3390/en19030641


https://doi.org/10.3390/en19030641

Energies 2026, 19, 641 10 of 36
Table 4. Cont.
Object Type Algorithms Result Advantages Limitations
Good overall
performance Moderate accuracy;
. F1 ~82% (all features), up to (F1 ~ 82-85%); dependence on
[35] Public EXKMIE_I(\I/E[:grlgmable 85% without power; better explainable feature quality;
= (office—Grenoble) Clustering), DT recognition of rare classes clustering enhances limited scalability to
&\ than DT interpretability and larger or more
minority- dynamic datasets.
class detection.
High detection Moderate class-
L performance wise balance
Public (meeting CDLSTM (CNN + Occupancy detection: MCC 0" g o/ 4 ansfer  (MCC ~ 0.63-0.67);
[32] rooms, Finland: 3xLSTM + EC), NO'Sl‘Of’gz. K"/I‘é}éz ldays of learning effective complex architecture;
office + hospital) transfer learning tr ansoeéré_o 67 _lgLasses with limited increased
: : adaptation data computational and
(=2 days). tuning effort.
Very high accuracy . -
(~98-99%); CatBoost  -otential overfitting
CatBoost. RE CatBoost: 98-99% outperforms other on m;ledeuceil ASELs;
[13] Public (office) Ay detection/prediction, much models with efficient . Totoe Ty
XGBoost, SVM, NN better than RF, SVM, NN handling of lntgzpr:rtlilzlrl:gy’o};lgh
categorical and P p ney o
. eature engineering.
nonlinear features.
Graph-based LSTM pﬁiﬂgégzsiiartlag'
Public (university, ~ LSTM-AE (anomaly =~ GCN-LSTM/LSTM on ‘cleaned’ P oves Prle;ifzgn high model
[33] ECS building—US, det.), GCN- data: +13-14% quality, HVAC: ac‘a“ra"{ﬂ“ - bl") complexity; limited
Long Beach) LSTM, LSTM 20% less energy an HE\I}XC eesngl?ta € generalization to
savings (~20§/y) unstructured
& o sensor networks.
High accuracy with o
“ull labelling;  Dependent on nital
Public (office/ " sDeTrhEShS\éx{slég' Full labeling: high accuracy/F1; 12?2;11}2%1:525 potential error
[31] ubulﬁ cg?n lfr esg)ar S elf—tr}a)inin ' semi-supervised: similar results comgarable propagation in
& & with significantly fewer labels P pseudo-labeling;
pseudo-labelling performance My
using fewer limited transparency

annotated samples.

of decision process.

3.2. Thermal Comfort Prediction

The development of ML methods in thermal comfort prediction can be organized
around three related trends: (1) prediction of individual preferences and thermal sensa-
tions, (2) generalized group models and PMV /SET “control” models, and (3) supporting
techniques such as calibration, sequential time modelling, reinforcement learning, and
visual detection of adaptive behaviors.

In the initial approach, the majority of studies formulate the task as a multi-class clas-
sification of individual preferences (“warmer/no change/cooler”) or subjective assessment
of TSV/TPV/TCV /TAV in the “here and now” state. A study utilizing the ASHRAE II
database shows that the Deep Forest model achieves superior performance in predicting
three-class thermal preferences (approx. 82% accuracy, F1-macro ~0.74), clearly outper-
forming SVM, logistic regression, MLP, RF, and XGBoost [37]. In turn, a comparison of
a wide range of algorithms (RF, GBM, AdaBoost, SVM, kNN, ANN, NB, tree, logistics)
based on the same database for TSV (3- and 7-point scale) indicates RF as the dominant
method (approx. 66% accuracy for three classes, 61% for seven classes), significantly
better than the classic PMV model, whose accuracy for three-class TSV does not exceed
42-43% [38]. The concept of personalization is being developed, among others, by models
reflecting age-related thermal sensitivity and comfort perception of older people: separate
shallow neural networks were built for 28 seniors, achieving an average of ~74% accuracy,
Kappa ~0.61, and AUC ~0.83. This represents a significant improvement over the “con-
verted” PMV [39]. In air-conditioned offices in Malaysia, TSV, TPV, TCV, and TAV were
predicted simultaneously, showing that adding simple spatial features (distance from the

https:/ /doi.org/10.3390/en19030641


https://doi.org/10.3390/en19030641

Energies 2026, 19, 641

11 of 36

window and AC unit) to standard Fangerow inputs can increase TSV accuracy in RF to
~71% (a gain of ~38.6 p.p. compared to the baseline model without SP) and improve metrics
for TPV/TCV/TAV [40]. In a similar vein, but using a richer spatial context, paper on
digital twin and Build2Vec shows that BIM graph embeddings (room topology, location
of windows, air vents, furniture) combined with physiological signals and IEQ, feeding
RE, allow the accuracy of preference prediction to be increased from 0.58-0.72 to ~0.86 [41].
Another study utilized streaming data from 251 home air conditioners (temperature, hu-
midity, settings, operating modes, time, temperature differences) to predict the user’s next
action (“raise”, “lower”, “no change”), showing that RF achieves 55-68% accuracy in the
three-class version and up to ~87% in the two-class variant after selecting stable devices
and extending time-operational features. In addition, it was determined that after approxi-
mately 30-50 adjustment episodes, the user preference model stabilizes [42]. A separate
direction in this trend is represented by the sequential R-LSTM model, which, based on a
120 min window of physiological (heart rate, skin temperature) and environmental signals,
predicts the next three-class preference, achieving ~78% accuracy and F1~0.74. This clearly
outperforms RF trained on static features [43].

The second main trend concerns group comfort models and the integration of pre-
diction with automatic control. In school conditions, a multi-task DeepComfort model
was proposed, which simultaneously classifies the TSV, TPV, and TCV of children in natu-
rally ventilated classrooms in winter. Subsequently, the collected data was verified with
the ASHRAE II. The achieved classification accuracy reached ~90% (TSV), ~87% (TPV),
and ~89% (TCV), exceeding the results obtained using classic SVM, RF, kNN, AdaBoost,
and single-task DNN [38]. A related study [44] examines the spatial variability of SVM
(one-vs-rest) models trained separately for five schools: F1 for TSV/TPV/TCV ranges
from approx. 41-71%, 30-64%, and 37-74%, respectively, with models trained per school
generally outperforming the “All Schools” model. The disparities among schools attain
several dozen percentage points, confirming the strong dependence of predictor quality
on a specific building and its operational and functional organization, including usage
schedules and occupancy dynamics. In office buildings, models that predict PMV and/or
SET in continuous mode are an important class. In a study of 13 office buildings in Amman,
SVR, RE, ANN, and XGBoost were compared, with very high fit for PMV: RF with R2 ~ 0.967,
MAE = 0.021, RMSE = 0.073, and XGBoost with R? a2 0.964, MAE = 0.010, RMSE ~ 0.076,
making them good candidates for integration with MPC for the simultaneous control of
comfort and energy consumption [45]. Even further goes the study in which ANN was devel-
oped on real university data (after NCA feature selection and BO tuning) for the simultaneous
prediction of PMV, SET, and TS. The aforementioned network achieves extremely small errors
(PMV: MSE = 2.5 x 1076, MAE ~ 0.001, R? ~ 100%; SET: MSE ~ 0.0013, MAE = 0.016 °C,
R? ~ 99.98%; TS: accuracy ~ 98.7%, F1 =~ 0.96, AUC of individual classes > 0.97). This
allows the air conditioning settings to be controlled to maintain PMV in the range of
—0.5 to +0.5, with estimated energy savings of 3-6% for each 1 °C setpoint correction [46].
A completely different paradigm is represented by the reinforcement learning approach,
where the tabular off-policy SARSA learns preferred temperature ranges and correspond-
ing settings based on synthetic user “overrides” in an office building simulated using
EnergyPlus (version 9.6.0). The algorithm can learn comfort ranges within 4-16 working
days, reduce the number of manual interactions with the thermostat by ~70-80%, and
reduce heating energy consumption by approx. 35-40% in scenarios where preferences
allow for lower temperatures [47].

The third trend includes several papers concentrated on data quality, prediction
calibration, and alternative (indirect) comfort signals. One study utilized the ASHRAE
II database to simultaneously model four perception labels (TSV, TPV, TAV, TCV) using
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Artificial Neural Network (ANN)

Multi-Layer Perceptran (MLP)

Deep Neural Network (DNN)

Long Short-Term Memory (LSTM)

Bi-LSTM

Multi-task DNN (DeepComfort)

Autoencoders

SARSA (off-policy RL)

Graph Embedding + NN

Build2Vec + RF

classical classifiers (SVM, RF, tree, KNN, NB, logistic, MLP) and the M-ARM algorithm to
detect biased /inconsistent responses. After filtering out such noises and applying various
probabilistic calibration techniques (Platt, isotonic, Beta, BBQ, temperature scaling, GP),
it is possible to increase the weighted F1 by 1-5.5 p.p. and reduce the ECE by up to
~80% (e.g., for NB from ~0.20 to ~0.04), thereby markedly enhancing the reliability of
probabilistic predictions used later in control [48]. A very original and complementary
approach is to build a non-invasive processing chain in which the input signal for further
prediction of thermal preference is automatically detected adaptive behavior—based on
654 office surveys, 14 characteristic gestures were selected (putting on/taking off a jacket,
wiping sweat, warming hands with breath, crossing arms over chest, etc.). Thereafter,
27,504 video recordings were obtained from eight directions and two heights, utilizing
I3D and SlowFast models to recognize them in real time with an accuracy of 95-96% for
multi-class classification and ~84-85% for adaptive vs. non-adaptive classification [49].
These types of signals can then feed into the previously described preference prediction
models or RL input states.

Overall, the analyzed studies show that there is no universal approach to thermal
comfort prediction. The selection of algorithm and features depends on the type of facility
(office, school, apartment), time horizon (here and now vs. the near future), purpose
(personal recommendations vs. building control), and data quality and structure. Tree
models (RF, XGBoost, Deep Forest) have been shown to dominate classification tasks
based on large population samples [37,38,42]; deep ANNs with MTL and personalization
are particularly effective in individual and multi-label models [39,46,50]. Meanwhile,
RL [47], sequential models [43], BIM-IoT hybrids [41], and visual behavior recognition [49]
have been shown to open new paths for integrating thermal comfort with intelligent,
adaptive building control. The visual classification of algorithms (types and methods)
for thermal comfort prediction is presented in Figure 2. As demonstrated in Table 5, a
comprehensive collection of the most relevant publications on thermal comfort prediction
has been compiled. This compendium includes key parameters, methodologies, object
types, and performance indicators.

Linear Regression / Logistic Regression (LR)
Support Vector Machine (SVM)

Support Vector Regression (SVR)

k-Nearest Neighbors (kNN)

Decision Tree (DT)

Deep Learning
Random Forest (RF)

Gradient Boosting (XGBoost)

Thermal Comfort Prediction >7 Machine Learning

AdaBoost

Gaussian Naive Bayes

Reinforcement Learning

> Hybrid Models

Deep Forest
Association Rule Mining (MARM)
Autoregressive Conditional Duration (ACD)

Neighborhood Components Analysis (NCA)

Figure 2. Algorithm classification for thermal comfort prediction.
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Table 5. The list of selected publications: Thermal Comfort Prediction.
Title Object Type Algorithms Result Advantages Limitations

Best Deep Forest model:

approx. 82% accuracy

and F1 macro ~0.74 in Tree-based models (Deep Moderate class

. . preference prediction Forest, RF, XGBoost) balance (F1 = 0.74);
g)l%]fé{c (m%xed SVM, Logistic (warmer/no outperform others reduced accuracy
[37] ASPlll}{AllrElgI; r?fr.n Regression, BP-ANN change/cooler); removal (~82% accuracy); robust without clothing
resi den.ti(;:l 1 1ces, (MLP), RE, XGBoost, of CLO lowers accuracy feature importance data; limited
others.-agereoate d) Deep Forest to ~80%,; tree models analysis; key variables interpretability
88Ies: clearly better than (temperature, age) of aggregated
non-tree mfodels, most well identified. model outputs.
important features: air
temperature and age.
DeepComfort: ~90% . -
High predictive Increased
accuracy and F1 for TSV, 7000 .
DeepComfort ~87% for TPV, ~89% for pearcfgs?;in%z:g :Zogsg ° tri{f\?é?i?&?liﬁiy'
Public (multi-task DNN with TCV on winter student P YI . reduced !
50 (schools—naturally ~ hard parameter sharing, and ASHRAE II data; comfort votes); multi-task interpretabili
(501 ventilated dropout), SVM, RE, DT, significantly better than ~_learning outperforms b el
. . ~ single-task and classical compared with
primary classrooms) kNN, AdaBoost all single-task models, .
: y 1 : models; robust to class tree-based models;
single-output DNN resistant to unbalanced N4 ; izeab
classes and “illogical” imbalance and requires sizeable
responses from ch%ldren. noisy/illogical responses. labeled datasets.
. . Moderate accuracy
For TSV (classification) RF achieved s
. 66 20 limits comfort
Public (various RE, Gradient Boosting, R:f blest. 6?'3 o a;‘gﬁﬁ/y bezt perfor(t’n ance ) prediction reliability;
buildings from AdaBoost, SVM, kNN (3-class scale) and 61.1% (~66% vs. 42% PMV); performance
38 ASHRAE IL: inl ANN. N 4 B ’ D"l’" (7-class), vs. PMV effective for nonlinear L.

[38] ffice buildi main g L’R atve bayes, UL, .42-43% for 3 classes; key relationships and seniltlve tg datla
ottice buildings an d (lreg_rfe.ssu.)n features: temperature, multi-feature interactions; c?l}fa 1ty ar.1 sca}(e
others—generator) and classification) humidity, CLO, air interpretable efinition; weaker

loci MET. feature importance. generalization
velocity, age, : p across buildings.
R LSTM: average ~78%
accuracy, weighted .
F1 ~ 0.74, better AUC Sequential DL (R-LSTM) Moderate overall
Residential RLSTM (LSTM with L1 than RF; for most of the improves personal accuracy (~78%);
(laboratory /field regularization and 14 individuals, accuracy comfort prediction higher training cost
[43] study—individual dropout), compared to ~ improved from ~55-76% (~10 pp gain); captures and parameter
adults, quasi- RF based on to ~66-86%, temporal dynamics and sensitivity; limited
home environment) aggregated features demonstrating the individual variability; interpretability for
adva?talgsﬁff s better AUC than RE. end-user feedback.
equentia or
personal preference.
After filtering out biased
votes, weighted F1 for
different labels (TSV, TPV, Calibration ereatl Gai dest i
SVM, RE, DT, kNN, TAV, TCV) increases by ,-aubratio lg }efl‘ ty ba1r11stmo estm
Publi . Gaussian Naive Bayes, ~1-5.5p.p. (e.g., TPV: RF 1mproves reliabiity absolute accuracy,
ublic (various types . e o . (ECE ~ 80%); filtering preprocessing and
i 1s 7 LR, MLP; additionally ~61.9% F1, +~4.3 p.p.); ) . i
[48] of buildings with MARM (associations) + calibration reduces ECE biased votes enhances F1 calibration add
ASHRAE Il—unit) various probabilistic by up to 80.66% by 1-5 pp; RF and NB complexity; model
brati yield stable performance depends
calibration methods (e.g., NB from ~0.20 to e label .
20.04), increasing probabilistic outputs. on label consistency.
the reliability of
probabilistic predictions.
Three-class problem
(warmer/no
change/cooler): best RF
with macro accuracy
~67.8% (range 55-68% Adequate accuracy (up to Performance varies
. LR kNN, Naive Bayes, ~ between models); in the  87%) with few training widely by device;
Residential (home ’ SVM’ RE: dl ’ two-class version (raise isod _50)- limited
) e , RF; class 3 episodes (~30-50); RF PR

[42] dwellings—251 AC balancine methods vs. lower setting), . generalization; relies
- . g me A robust across class setups; .
in southern China) (und fing, SMOTE) accuracy ~72.1-79.9%, lass balanci on sufficient

undersamping, class balancing interaction data

and for selected stable
devices with additional
features even ~87.3%;
~30-50 episodes are
sufficient to stabilize the
user preference model.

improves stability.

for personalization.
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Table 5. Cont.
Title Object Type Algorithms Result Advantages Limitations
Baseline models:
accuracy ~0.58-0.72; the
: Build2Vec model i : : .
. . . Build2Vec '(BIM graph (embedding + heart rate + Significant accuracy gain Requires detailed
Public (university embedding) + RF; body temperature) (+14-28 pp) with BIM and sensor
educational comparison with achiest accErac ~0.86 Build2Vec embeddings integration; higher
[41] building—office previous RF models (train ~0.92, val N(}), 93)' an (~0.86 accuracy); computational cost;
and teaching based on “classical” improvement of effectively captures potential overfitting
building SDE4) temporal -1 4_28p compared to spatio-temporal and due to complex
environmental features the b};'s%l-me v}\)/hi ch physiological patterns. feature space.
shows the high value of
spatio-temporal features.
With spatial parameters:
for TSV RF ~71.1%
accuracy (+38.6 p.p.
compared to the model
without SP); for TP RF Spatial parameters Increased data
DT.RE 1 ~70% accuracy (on v enh lecti lexity:
, RE, linear SVM, 6.8 for TC greatly enhance collection complexity;
Public Neural Network (MLP), ~ average +b. P-p.); or performance model gains depend
(air-conditioned Naive Bayes, KNN; SVM the largest relative (e.g., +38-50 pp); RF on spatial feature
[40] ffices—universi ; ; increase (+50%), RF the ¢ e T
offices—university models with/without hishest ! 54.1%: consistently highest quality; limited
offices in Malaysia) spatial parameters lé)re"FAaCaclil;?Cgrithﬁs 0; accuracy (~70-91%); portability to
(WD, ACD) 875 91’0 y 5 f substantial error non-AC
TV Egcciﬁ‘gl’) or reduction vs. PMV. environments.
wi :
MAE = 0.39,
RMSE =~ 0.72 (MAE
decrease ~41%,
RMSE ~26% vs. PMV).
RL learns comfort limits
in 4-16 working days,
reducing the number of
user interactions with the
thermostat by up to
~70-80% when default Performance
Public (office SARSA off-policy set}:;ré%esrzflecézrffg;)m Raplcirlrefgﬁlﬂ‘fn?tfsuser sensitive to user
) - i 4 i files;
[47] space—single (mogl_el rgf; Ra];z C{N ith tolerant/cool-loving (4-16 days); large h{)r}eleerr:rrigf Pf?lsleefsor
office in ex er%ence}'/'refr esh” users, heating energy reduction in interactions %varm—bia%yusers
EnergyPlus simulation) p reduction of ~35-40% (~70-80%) and heating : 1
(average Q table) with a decrease in energy (~35-40%). requires extended
“exceedance” (time exploration phase.
outside the comfort
range), at the cost
of higher costs
for high-
temperature preferences.
Best: RF with R? ~ 0.967,
MAE = 0.021,
RMSE ~ 0.0723 and
XGBO%ZX’E%" é{.o 13,0.964, Very hlgl; eredlct_lve . Model performance
X . RMSE =~ 0.076; both accuracy (R* = 0.96-0.97); dataset-specific;
b .llnghc (cif?fllcjiED SVR. RE methods clea'rly éuperior RF and XGBoost lower interpretability
[45] uraInes—o, R 2 outperform others; than physical models;
and conventional ANN, XGBoost to ANN (R* &~ 0.922) and suitable for MPC prg ires ¢
offices in Amman) SVR (R? ~ 0.801); high integration to optimize c ompi'lehensive
accclll'ra'cy of Pll\;[lv HVAC comfort and feature calibration.
~ prediction e}?ia\/[ PeCs . energy use.
integration wit or
HVAC comfort
and savings.
Personal models: average
~74% accuracy,
Kap-pa =~ 0.61,
AUC ~ 0.83 (accuracy range Strong individual
33-100%); compared to adaptation S N
PMVc¢, irnprovement in (~740/o accuracy, ngh 1pter-1nd1V1dua1
Resdenial | Bopametalon amiby5ep.  dopp v, Vb 65 0%
[39] (apartments for 1 hidden layer)—one ! N PPy by ~ °~ . substantial improvement calibration
n.ay (from ~0.24), AUC by ~34%
elderly people er participant: PMVc 4 y in agreement data: limited
living independently) rzfer};nce (II’DMV, model) (fm r-n ~062) adding a (Kappa ~ 0.61) and gei:f allglaltieon
subjective health assessment discrimination across users.
results in a small, statistically ~ (AUC =~ 0.83); flexible to
weak improvement in include subjective factors.
averages, but significantly
increases accuracy for
some individuals.
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Table 5. Cont.
Title Object Type Algorithms Result Advantages Limitations
Strong spatial variability:
F1 for TSV ~41-71%, TPV
~30-64%, TCV ~37-74%
between schools; models
trained separately for Captures spatial Limited
Multi-class SVM (one schools are usually better variability across generalization across
Public (elementary vs. rest) with linear, than the “All Schools” classrooms; locally schools; moderate F1
[44] schools—>5 naturally polynomial, and RBF model (local increases in trained models show scores (~0.4-0.7);
ventilated schools, kernels; class TCV accuracy by large accuracy gains (up performance
14 classrooms) weighting, permutation 10-71 p.p.); models on to +71 p.p.); interpretable sensitive to data
feature importance ASHRAE II (adults) have feature importance via imbalance and
F1 ~0.78-0.86; SVM weights. local conditions.
generalizing models
(trained on n — 1 schools)
give stable but lower F1
(TSV ~0.53-0.59).
Average accuracy of
recognizing 14 adaptive
behaviors: ~95% (I3D) and
~96% (SlowFast), for most
gestures >90%; inference
time <0.05 s/video; Very high recognition Requires large
Public (offices—office 13D (Two Stream adaptive vs. non- a}éculilcy (>9g0%)' lak(}eled Vidego
users in the survey; Inflated 3D Con-vNet), adaptive classification: i : datasets; high
Y SlowFast Network: P real-time performance atasets; hig
[49] laborat(_)ry— adaptive vs. ’ accuracy ~83.7% (I3D) (<0.05 s/ video); enables compgtgtiongl gost
recordings non-adaptive and 85.4% (SlowFast). automatic detection of for training; limited
of behavior) binary classification The results demonstrate  discomfort behaviors for to visible, camera-
y the possibility of reliable, HVAC feedback. detectable actions.
real-time acquisition of
discomfort signals for
further preference
modeling and
HVAC control.
ANN best: for PMV
MSE ~ 2.5 x 1076,
MAE = 0.001, R? = 100%
(100% of samples within
+0.1 PMV); for SET
PAE = 001650 Extremely high Computationall
MAE =~ 0.016 °C, xtremely hig omputationally
Public (university S]\E/r{{s él;]il;)e,TDreTé b;ﬁ;\?ﬁd R2 ~ 99.98% (100% (())f prediction accuracy intensive tuning (BO,
building—air- (1 hidden la,yer, samples within £0.5 9" (R? ~ 1.0); effective for ~ NCA); limited
[46] conditioned rooms, Bayesian for TS algiuiag% : 98.7%,  PMV/SET control and interpretability of
laboratories, regularization); AUC Class’evs > 0 '97 The a utomatic setpoint AfNN dec1510?s; t
test room) NCA feature selection, models were uéeci for ad]uzggf nt,sr;\ffrf usr able peéri) iIiIl?II}Ci;Ti;;n
BO tuning automatic setpoint 24 & s

correction while
maintaining PMV within
the range of —0.5 to +0.5
and estimated energy
savings of ~3-6% for each
1 °C change in setting.

(~3-6% per °C).

sensor data.

3.3. Seasonal Activity Recognition

The field of research concerning the recognition of seasonal activity and energy load

in smart building environments is currently encompassing a broad spectrum of issues. The

scope of the model extends from the behavioral patterns of individual elderly people to

load forecasting on the scale of commercial buildings and entire power systems. In the

domain of habit monitoring, approaches based on non-invasive environmental sensors

and sequential ML models dominate. The recognition of seasonal sleep patterns in elderly

residents of smart homes is achieved through K-means of attributes describing sleep param-

eters (sleep time, falling asleep, waking up, restlessness) and subsequent classification of
days using DTs, which achieve an accuracy of 87-95% and allow subtle differences between

seasons to be identified [51]. The uniformity and stability of daily routines over a prolonged

period of time are evaluated by segmenting daily location sequences and hierarchically
clustering segments, where an increasing number of clusters and RMSE errors, MAE of
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the start, and duration of the segments are an indicator of the “dysregulation” of behavior,
which allows more stable periods from periods of disturbance in older people to be dis-
tinguished [52]. Moreover, a preliminary investigation conducted in single-person senior
apartments has demonstrated that a simple statistical method based on thresholds can
effectively distinguish between “normal” and atypical behavior in defined time windows
(e.g., meals), generating relatively few false alarms and achieving substantial acceptance
from caregivers [53].

At the level of more complex sequential patterns, ambient intelligence research utilizes
deep models to explore routines and their violations. In multi-resident systems, sequential
neural networks, including MLP, 1D /2D convolutional networks, various variants of RNN
(Elman, GRU, LSTM), and CNN + LSTM hybrids, are used to recognize the activities of
daily living (ADL) of two residents based on the states of ambient sensors. The results
demonstrate that CNN + LSTM architectures achieve accuracies of 80-90% and clearly
outperform classic HMM or CRF models, confirming the relevance of modeling long-term
temporal dependencies [54]. Even further-reaching are approaches that combine deep
NILM (seq2point), MLP, LSTM, and ILP models with multi-day activity logs. The induction
of logical rules, for instance, delineating “morning routines,” is followed by the detection
of missing steps or atypical insertions. The studies achieve notably high F1 scores based on
both real and synthetic data, demonstrating that combining representation learning with
formal logical rules increases interpretability and usefulness in health monitoring [55]. On
a city scale, instead of direct prediction, sequential and periodic pattern mining (e.g., CM-
SPAM, PFPM) is used on check-in data to identify repetitive visit sequences and seasonal
cycles, which provides insight into residents’ mobility patterns and can provide context for
energy planning and urban services [4].

The second, highly significant line of research focuses on the prediction of the electrical
load—from individual homes to nationwide systems—in which a data-driven approach
and sequential models predominate. A systematic review of STLF methods for the resi-
dential sector demonstrates that virtually all studies are based on historical load profiles
(often enriched with calendar and weather features), with conventional statistical models
(AR, ARIMA /SARIMA) gradually giving way to Al and ML methods (ANN, SVR, other
supervised models) and deep LSTM and CNN architectures. For housing aggregates,
typical MAPE errors are typically in the range of 5-10%, while for individual households,
they are most often in the range of 5-20%, reflecting greater variability in behavior [1].
A case study of 709 households demonstrated that even a simple ANN network with a
single hidden layer can significantly outperform the classic ARIMA, achieving an average
MAPE of around 1.8% compared to 2.61%, especially in conditions of irregular, non-linear
patterns and after disturbances, after which the neural network recovers its accuracy more
quickly [56]. Against this background, HousEEC stands out. In this model, a DRNN
with two input branches—processing classic time-weather features and a rich set of time-
frequency features generated by TSFRESH—achieves very good results on Pecan Street
data (RMSE of 0.44 kWh, MAE 0.23 kWh, R? = 0.90 for individual houses and errors of a
few percent for an aggregate of 300 households). It clearly outperforms both classic ML
algorithms and competing deep architectures [57]. Furthermore, studies on forecasting
consumption in a single-family home using LSTM demonstrate that separating modeling
into the device level (consumption and operating time of individual receivers) and the
aggregate level (total power) allows for very low MSE values and more accurately captures
the impact of user behavior on the load profile [58].

Another important trend pertains to the incorporation of behavioral pattern recogni-
tion into load forecasting within HEMS. In an approach based on the clustering apartment
profiles using DBSCAN, k-means, and the PCC correlation algorithm (with delays of up
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to 168 h), households are first grouped according to the similarity of their load patterns.
Subsequently, separate sequence-to-sequence LSTM models are trained for each group,
with the architecture being extended with fully connected layers, dropout, and stable Soft-
Max. This solution reduces the RMSE and gives most users MAPE errors below 10%, which
shows how strongly the inclusion of behavior profiles improves the quality of forecasts [2].
In a commercial smart building, the weekly load profile (hourly) forecast compares classic
DMD with a series of sequential models (RNN, LSTM, BiLSTM, GRU) and a hybrid RNN +
BiLSTM. After tuning the hyperparameters, it is the hybrid model that achieves the lowest
RMSE error, improving both DMD and single recurrent architectures [59]. On the scale
of power systems, however, load profile propagation methods are used, in which weekly
maximums predicted by classical ML models (e.g., MLP, SVR, RF, GBRT) are converted into
an hourly profile based on historical patterns. The parallel utilization of 2D convolutional
networks for direct STLF allows for very low MAPE and RMSE values with an acceptable
compromise between learning complexity and accuracy [60].

Hybrid models combining signal decomposition with recurrent networks form a sub-
stantial subgroup. In a study based on the UCI dataset “Individual household electric
power consumption”, the EMD-BI-LSTM method decomposes the global active power
series into IMF components and residuals and then forecasts each component separately
using a bidirectional LSTM network. Following the consideration of meteorological condi-
tions and appropriate delays, an MAPE of 0.28% and an RMSE of 0.31 are obtained. These
values are significantly better than in the case of the classic BILSTM without decomposition
and similar hybrids with GRU [61].

At the same time, a rich set of methods for detecting energy and operational anoma-
lies is being developed. The data mining framework for office buildings in Chongqing
combines the construction of typical daily TELP profiles (using dimensionality reduction,
DBSCAN, and k-means) with their classification using CART trees based on seasonal and
weather characteristics and then interprets deviations from the predicted class as potential
anomalies [62]. A large portfolio of telecommunications facilities used a system based on
SAX transformation, in which each day is encoded as a symbolic word over a small alpha-
bet of power levels, and “synthetic truth” is created by selecting the most frequent words
covering the majority of observations. Semi-supervised SAX-CART and SAX-MLP models
use context (calendar, weather, facility type) to classify symbols or estimate consumption,
identifying anomalies as rare symbols or points with large errors [63]. In an academic
building equipped with multiple HVAC units, an autoencoder with a TiFe improves the
reconstruction of normal load profiles. This approach exhibits enhanced resilience to the
presence of anomalies in the training set and facilitating the interpretation of unusual
periods of operation and groups of devices with similar patterns. However, the emphasis
was placed on an evaluation of the quality of reconstruction rather than classic detection
metrics [64]. At the level of the office building portfolio, algorithms for the automatic
extraction of installation operating hours (double gradient, cumulative histogram, start
gradient) are also used, which, after prior clustering of daily profiles using the DBA k-
means method, allow the definition of operational measures of operating hours. Their
incorporation as features in EUI regression using RF and Gradient Boosting enhances the
capability to explain consumption and indicates a potential for reduction of several to over
ten percent [65].

Another, but related, topic concerns user interaction with building thermal condi-
tions. In a study dedicated to window state detection during the heating season, the
“open/closed” problem is formulated as a binary classification task based on 15 min
aggregates of the temperature, humidity, and CO, concentration. A comparison of clas-
sical classifiers (LDA, SVM with RBF kernel, RF) with recurrent networks (LSTM, GRU)
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demonstrates a clear advantage of sequential models, which, with appropriately selected
feature transformations, achieve an F1 score of around 0.78 and can correctly detect about
84-88% of window opening times with a relatively small number of false alarms [66].
Combined with the results for routine recognition, load forecasting, and anomaly detec-
tion at various spatial scales, all of the discussed works show that modern smart build-
ing systems are increasingly integrating information about user behavior, environmental
conditions, and energy profiles. The methods employed by these systems are based on
sequential and hybrid models, enabling simultaneous improvements in comfort, safety,
and energy efficiency. The visual classification of algorithms (types and methods) for
seasonal activity recognition is presented on Figure 3. As shown in Table 6, a comprehen-
sive collection of the most relevant publications on seasonal activity recognition has been
compiled. This compendium includes key parameters, methodologies, object types, and
performance indicators.

K-Means

Support Vector Machine (SVM)

Random Forest (RF)

k-Nearest Neighbors (kNN)

Gradient Boosting

Hidden Markov Model (HMM)
Deep Learning

Conditional random field (CRF)

Gradient Boosting

Decision Tree (DT, CART)

( Seasonal Activity Recognition >7 Machine Learning

K-Means

DBSCAN

AR

ARIMA

SARIMA

== Hybrid Models
Chebyshev-based detectors

SAX + CART Dynamic Mode Decomposition (DMD)
Principal Component Analysis (PCA)
Figure 3. Algorithm classification for Seasonal Activity Recognition.
Table 6. The list of selected publications: Seasonal Activity Recognition.
Title Object Type Algorithms Result Advantages Limitations
Good clustering
quality (silhouette Limited scalability to
) Resid_ential Silhouette 0.4-0.5 (good 0.4-0.5); high multi-resident settings;
(single-resident smart clusters); DT sleep classification moderate cluster
[51] K-means, DTs . AP s :
apartments for behavior classification accuracy for sleep separability; relies
older adults) accuracy 87-95% in test. patterns (87-95%); on consistent
simple and sensor behavior.
interpretable models.
High detection . .
Best LSTM/ GRU: accuracy (F1 =~ 0.78); Requires sec.lu_entlal
F1 =~ 0.78; classic effective temporal sensor data; higher
[66] Residential (apartment ~ LDA, SVM (RBF), RE,  methods F1 ~ 0.70-0.72; deli P th computational cost;
bedroom) LSTM, GRU detects 84-88% of moceung wi classical models yield

window opening periods
with few false positives.

LSTM/GRU; low
false-positive rate for
window events.

moderate performance
(F1 = 0.70).
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Title Object Type Algorithms Result Advantages Limitations
High recognition
. ~86-92%);  Larger computational
MLP, 1D/2D CNN, Best 1D CNN + LSTM: accuracy ( . .
Residential Elman Rl/\IN, GRU. accuracy ~ 86.3% effective temporal- dern_ancll, {)eclluérgs ‘
[54] (two smart apartments, LSTM, hybrid (apt A, 30 days) and spatial pattern extensgrfforam grfce ata;
two residents each) CNN + LSTM, 88-92% (apt B), clearly extraction with p
HMM, CRF, KNN above HMM /CRF hybrid CNN + LSTM; dependent on sensor
’ ’ robust across placement consistency.
apartments.
Improved prediction
. ) accuracy with hybrid : ;
DMD (Hankel), RMSE. DMD 3.99; best RNN < BiLSTM ngff model Comp}exllt(y
uned hybrid . . and training cost; ris
: . RNN, LSTM ) (lowest RMSE ~ 3.83); 5.
[59] Public (commercial BiLSTM. RNN + BiLSTM captures bidirectional of overfitting on
- smart office building) . RMSE 3.83; better than . limited data;
GRU, hybrid RNN 3.91, LSTM 4.39 temporal dynamics; - PG
RNN + BiLSTM CrRUSOL outperforming .marlgmal %gm over
UL traditional DMD and simpler architectures.
single RNN variants.
Very high short-
term load High computational
STLFlil;’GSt 2D ECl7\]N MAPE forecasting accuracy requirements;
Public (national MLP, SVR, RE, GBRT, (31 (;)’9RI99V~1SLP SEMW,  (MAPE~08%);2D  reduced accuracy for
[60] power system/ 2D CNN, woekl ;aks or CNN captures long-term or irregular
aggregated load) LP-propagation + RF MAPE zP3 86% spatial-temporal peaks; requires
RMSE 372.7 MW. dependencies; large, high-
LP + RF effective for resolution datasets.
peak load estimation.
Identifies meaningful
. Descriptive: frequent s.equ_entlal ar_1d Laqks predictive
. CM-SPAM sequential . periodic behavioral evaluation (no accuracy
Public (city-scale e sequential rules and . . I,
4] residents pattern mining, periodic visit patterns; patterns at city scale;  metrics); sensitive to data
Foursquare u/sers) PFPM periodic reports support /perioé scalable to large user sparsity and noise;
pattern mining ’ datasets; useful rovides limited
not accuracy. ’ P
' for descriptive temporal generalization.
mobility analysis.
Improved EUI
DBA k-means, Best operation hours: CH prediction with Moderate (%verall
Double Gradient, (R? =0.58, K-L = 0.143); combined RF + KPI accuracy (R* < 0.6);
(65] Public (office buildings, Cumulative regression EUIRF + KPI:  (R? = 0.41); effective performance varies by
> Building Data Genome 2) ~ Histogram, Gradient  R2 increases from ~0.35 extraction of feature design; limited
Beginning, RF, to 0.41; simulated savings operational patterns; transferability across
Gradient Boosting 2.9-10.6%. potential energy building types.
savings (2.9-10.6%).
High TELP
TELP classification CART classification Sensitive to parameter
acctér acy 82592%? Dunn accuracy (82-92%); tuning; limited
index used; two-step two-step clustering ~ scalability to very large
[62] Public (office buildings) DBSCC?XI}I{L[kS%eanS’ clustering extracts improves pattern datasets; lower
patterns/outliers better detection and outlier performance for
than single identification; overlapping
k-means/GMM. simple and activity clusters.
interpretable models.
Enhanced
TiFe model reconstructs moﬁ?ﬁggguahty No quantitative
profiles better, more ey accuracy metrics; high
anomaly-robust than robustness with TiFe architectural
[64] Public (academic Autoencoder with lain autoencoder: no attention; captures complexity:
building, multi HVAC) TiFe attention layer pral - complex . pexity;
classical recall /precision, " |featu interpretability limited
hown qualitative empora—ieature compared to
st d dependencies; suitable .
improvement. : simpler models.
for unsupervised
monitoring.
Very high Dependent on
Routine deviation detechn accuracy high-quality appliance
Residential Seq2point NILM, detection: real F1 to 0.93 b(FltN 0'93_1'010)’ d data; limited
[55] (single-family homes, MLP, LSTM, ILP (recall 0.88-0.95, ros lﬁthii{gﬁaﬁie?; interpretability of deep
real + synthetic) (ILASP, ASP) specificity 0.96-0.99); Yy ’ models; potential

synthetic F1 to 0.99-1.00.

effective for
identifying
routine deviations.

overfitting to
synthetic patterns.
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Title Object Type Algorithms Result Advantages Limitations
Effectively
SEEDS-based NC, RMSE, MAE grow distinguishes routine ~ No standard accuracy
segmentation with routine randomness disorder levels; metrics; performance
[52] Residential (smart seoment featurés (synthetic data); method robust to varying declines with high
- homes, older adults) 5 . . separates disorder levels  temporal granularity; routine randomness;
hierarchic region p p 5 ¥y 4
rowth clusterin better than baselines; no interpretable limited validation on
& & classic accuracy/F1. segmentation- real-world data.
based approach.
. Limited anomaly type
668/716 events (~93%) dHtlgI;i nr?rrmtal(i‘;?(}/t), differentiation; reliant
Residential Chebyshev normal; 421 notifications € ecsi?n 12 Zn d o on predefined
[53] (single-resident smart inequality-based (373 positive, com 1ﬁationall thresholds; lacks
flats for older adults) anomaly detector 48 negative); user omp Y detailed performance
acceptance 4/5 (Likert) efficient; good user metrics (e.g.
’ acceptance (4/5). - ettt
Pprecision/recall).
Good classification
SlAXffC.ART: SZIE?OO/I~ performance (~81%) Moderate regression
c aSSISf&UI(\’/?LE. ©r and interpretable accuracy
Public (telecom sites: SAX transform, MAPE :,c 14.5%: symbolic (MAPE = 14.5%);
[63] central offices, data SAX-CART, p o representation; depends on
A combined analysis . . T o
centers, offices) SAX-MLP improves sensitiv- improved anomaly discretization quality;
ity /interpretability of sensitivity through limited adaptability to
anomaly detection. s gg)(mbiried. highly dynamic signals.
analysis.
High forecasting Lower accuracy for
AR, Most aggregate models accuracy at aggregate single-home data
Aontial (i ARIMA /SARIMA, MAPE < 5-10% (high level (MAPE < 10%); (MAPE 5-20%);
(] R}els1dent1all (stmgle bayesian/Gaussian, accuracy); single homes broad applicability complex models
omes, clusters, FFT, ANN, 5-20% MAPE: trend across model types; require large datasets;
aggregates—review) , . q &
B8T¢8 SVR, LSTM, toward DL (LSTM, deep learning limited interpretability
CNN, hybrids CNN, hybrids). shows superior of hybrid
trend capture. DL approaches.
Deep Residual Individual: RMSE Very high p r2e diCtiVé High computational
Neural Network 0.44 kWh, MAE 0.23 kWh, accura<cy (SR. = 8'90’ and training cost;
157] Residential (Pecan (DRNN), SVR, RF, R? = 0.90; aggregate 8% error = 8t/ 0); O liSt requires extensive
Street homes) Gradient Boosting, error (hourly), 2% (daily); across tempora labeled data; limited
SARIMA, FNN, much better than bench- tsca%es, DRII\IN. 1 interpretability of deep
LSTM, GRU, TCN marks/alternatives. outpertorms classica residual layers.
and deep baselines.
AII\\I/Ili?r}vl\{[é‘E E: Very low average
ARIMA ~ 2. 61'%? svasrln ple MAPE (~1.8%); O.ccgl'si%nallextrem'e
Residential user ARIMA ANN robust to individual errors;
[56] (709 households, Ireland) ARIMA, ANN MAPE =~ 689% vs anomalies and faster =~ requires careful neural
ouseholds, ANN =~ 174%: ANN recovery after tuning; less transparent
recovers accuracy faster  disturbances; clearly  than statistical models.
after disturbances. outperforms ARIMA.
High accuracy for
) N large residential
525-LSTM, DBSCAN, SZS'%%E%SE%%&% 0.95, dataset (up to _ Computationally
Residential k-means, PCC MAPE ° 10%: method 2 84% < 10% MAPE); intensive; sensitive to
2] esidenual clustering, fully- < op o method 2 effective temporal hyperparameter tuning;
(2337 apartments, China) RMSE ~ 0.57, . . JEEE -
connected DNN, 84% < 10% MAPE modeling with limited interpretability
dropout, softmax >94% <20% M APE. $2S-LSTM; robust of deep components.
clustering via
hybrid methods.
. Low prediction error
Device model: test loss .
0.0163, MSE 0.0163 (MSE ~ 0.016-0.024); Requires detailed
dual LSTM captures . .
(energy) and both device-level device data; moderate
58] Residential (single LSTM (dual model: 1.0464 x 10° (usage 0 gvtlcte—leve model complexity;
5 detached house) devices and total) time); total model: coigum(l):)’?ion' limited generalization
MSE =~ 0.0237; lower outp erforms, to multi-resident
MSE (0.0168) than alternative environments.
other DL approaches.
DL models.
Excellent forecasting
f
EMD-BI-LSTM: R = 0.84, p(elr{ffrga;fe Comblox multict
RMSE 0.31, MAE 0.20, oy, omplex multi-stage
Residential (single EMD, BL-LSTM, MAPE 0.28%; BI-LSTM MAPE ~ 0.28%); processing; higher
BI-LSTM plain, oo EMD decomposition . .
[61] household, EMD-BLGRU plain: R* = 0.70, enhances temporal computational cost;
UCI dataset) - ‘ RMSE 0.43, MAPE 0.42%; P reduced transparency
EEMD-LSTM .
EMD-BL-GRU: R? = 0.79 feature extraction; £ hvbrid hani
RMSE 0.35, MAPE 0.30% hybrid models o PHE mechanieme.
" N outperform

plain architectures.
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3.4. Sensor Based User Activity Recognition

Modern HAR systems in smart homes have evolved from simple probabilistic models
to complex deep and hybrid architectures. In the context of supporting older adults, a
modified Naive Bayes classifier has proven to be more effective than DTs and SVMs in
recognizing basic ADL based on events from environmental sensors [67]. However, as data
complexity has increased, deep sequential networks have become predominant. In the con-
text of the CASAS datasets, it has been demonstrated that LSTM architectures (particularly
the Casc-LSTM cascade model) outperform classical HMM and CRF methods in modeling
spatiotemporal dependencies [68]. Analogous results were obtained on the Orange4Home
dataset, where appropriately selected RNNs and autoencoders, combined with feature
selection, achieved the highest accuracy in reconstructing residents’” routines [69]. A recent
new development in this area is the use of the self-attention mechanism. Transformer-based
models tested on the CASAS Aruba dataset are able to integrate context from multiple
sensors more effectively than previous CNN- or LSTM-based solutions [70].

Alongside the struggle for accuracy, the XAl of systems has become a key challenge.
As part of LSTM activity recognition, an XAI framework based on LIME, Anchors, and
SHAP methods was developed, with SHAP providing explanations that were most under-
standable to experts and preferred by users [71]. The alternative DeXAR approach treats
sensor data as semantic images analyzed by CNN and introduces a new prototype method
that generates explanations more consistent with common sense than popular saliency
mapping techniques [72].

A significant implementation problem is the adaptation of systems to new environ-
ments in the absence of labels. Bootstrap methods “from scratch” use unsupervised learning
of “action units” and active labeling, which allows useful accuracy to be achieved in a new
home after just a few weeks [6]. The concept of the HAR system “life cycle” extends this
approach with continual learning and long-term analysis of behavioral changes, which is
crucial for long-term operation [7]. In extreme cases, fully unsupervised methods based
on coupled HMM models can recognize more than a dozen types of activities with high
accuracy (87-92%) without any manual supervision, using only non-invasive sensors and
Bluetooth beacons [73].

Innovative architectures are utilized in complex multi-user scenarios. The LAHAR
system employs an LLM to infer relationships between sensors and multiple users, effec-
tively separating intertwined activity timelines [74]. In turn, the integration of activity
recognition with behavioral analytics allows not only to classify current activities, but
also to predict the user’s future steps. A unified framework based on kernel fusion and
frequent sequence rules improves the prediction accuracy by several percentage points [5].
Activity information can also control other systems, such as HEMS, where the HAR module
provides context for the Deep Reinforcement Learning (Soft Actor-Critic) agent, leading to
real savings [3].

In the field of wearables and IoT, the balance between accuracy and energy consump-
tion is crucial. Hybrid CNN + RNN models (variants with LSTM, GRU, BiLSTM) achieve
results described as “outstanding” on inertial datasets (e.g., PAMAP2), outperforming
classic ML algorithms [75]. From a system perspective, the AE-HAR model introduces
a dynamic division of computations between the device and the cloud, reducing energy
consumption by over 90% without compromising recognition quality [76]. The visual clas-
sification of algorithms (types and methods) for human activity recognition is presented in
Figure 4. As shown in Table 7, a comprehensive collection of the most relevant publications
on sensor-based activity recognition has been compiled. This compendium includes key
parameters, methodologies, object types, and performance indicators.
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Convolutional Neural Network (CNN)

LLM-based frameworks (LAHAR)

Shapley Additive Explanation (SHAP)

Local Interpretable Model-agnostic Explanations (LIME)
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Figure 4. Algorithm classification for human activity recognition.

Gaussian Naive Bayes

Decision Trees (DT)

k-Nearest Neighbors (kNN)

Support Vector Machine (SVM)

Hidden Markov Model (HMM)

Random Forest (RF)

Conditional Random Fields (CRF)

Principal Component Analysis (PCA)

Soft Actor-Critic (SAC)

Table 7. The list of selected publications: Sensor-Based User Activity Recognition.

Title Object Type Algorithms Result Advantages Limitations
The modified Naive High accuracy; LCI?I:;&? E:;ilf)r;%a(l)f
Modified Naive Bayes achieved the simple, fast, and E
[67] Residential (smart home Bayes, comparisons highest accuracy and effective for assgfr?einc(i)?c;ilteiz,nal
for the elderly) with DTs, better quality measures sensor-based activity independence:
SVM, HMM than the compared data; low d 4 /
: - ! ependent on sensor
classical ML algorithms. computational cost. quality and coverage
Superior accuracy N |
. . across CASAS High computationa
Urg-algigé\gaBﬁ-sl}S&M, All LSTMs outperformed da}fasetls; ?aSC-LdSFEM and training cost;
i effectively models i
Residential (CASAS flats with (Casc-LSTM), classical methods, and joeve Yy mocts  requires large labeled
[68] multiple tenants) comparisons with Casc-LSTM achieved the ong-term an datasets; reduced
P HMM, Naive Bayes highest accuracy on the bidirectional interpretability
CRE and other ML CASAS datasets. dependencies; compared to
out}ly\iif%rmsl Flassical simpler models.
aselines.
SHAP achieved .
approximately 92% _ High expfel"t—ratedo Added 1
“sensibility” of interpretability (~92% co;lnpgt?tlon; AT
] ) ) LSTM for . explanations in the sensibility); SHAP OVt'ir ga. rOII‘n '
[71] Residential (smart home with ~ HAR + methods XAl experts’ assessment, the improves user trust ~ methods; explanation
environmental sensors) LIME, Anchors, pex lanations werle (~83% preference); quality varies by
SHAP, LIME+ fp by ~83% of combines accurate context; requires
preterred by ~557 0 HAR with expert evaluation
co;l?iggniréc} rﬂf\fiﬁggel explainable insights. for validation.
High ADL o
CNN achieved high ADL  recognition accuracy; Requires image
. . CNN on semantic recognition accuracy; the prototype method trag:fgg?igg} of
Residential (smart home sensor images + XAL prototype method offers clear, computationally
[72] with environmental and Grad-CAM. LIME provided the best, most human-interpretable demandine:
wearable sensors) ’ ’ understandable explanations; € ng;

prototype method

explanations, surpassing
Grad-CAM and LIME.

effective integration
of wearable and
environmental data.

explanation methods
sensitive to
model complexity.
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Title Object Type Algorithms Result Advantages Limitations
After ~4 weeks of Achieves competitive
U ised bootstrapping, the system accura ‘E th X
renigge?tg ltsif)n achieves useful accuracy icc lcly b 11 . Requires extep ded
le};rnin and in recognizing the most mmmfla abelung, bootstrapplng
6] Residential (CASAS smart 1 Jung anc. common activities, clearly . perlormance (~4 weeks), limited
. > clustering of action . . improves over time accuracy for rare
homes with multi-week logs) - . surpassing simple ; e
units + supervised : through active activities; dependent
P baselines; accura & 7 OCp
classical models with ; s accuracy learning; suitable on consistent sensor
active learning obsgl}\cll;ﬁ?gﬁstmzhan d for long- activity patterns.
number of labels. term deployment.
State-of-the-art
. accuracy with fine High computational
LAHAR framework state-of-the-art accuaracy temporal resolution; - and ot
. . a1 effective in 5
[74] Residential (ARAS assigning events to Wlth. high tempgral. multi-resident otential privac
multi- fl gning p P Y
person flat) individuals and resolution and maintains settings; leverages : limi
. . e high performance in &8/ & concerns; limited
inferring activities multi-person scenarios LLM contextual transparency of LLM
: reasoning for decision processes.
activity inference.
Significant accuracy
L gain with kernel Increased
“Kernel fusion” in Kernel fusion mproves fusion (+13.8%); computational cost;
. the classifier for HAR the accuracy of activity improved future requires careful
Residential (two real recognition by an average P P d -
[5] + frequent sequence o action prediction kernel selection;
smart homes) rules for predicting of 13.82% and the F (+6.8% }I?) ) performance may
L .8% F-measure);
subsequent actions fﬁﬁiztﬁizfngf;lgt;gé integrates recognition ~ degrade with noisy
R and prediction or sparse sensor data.
effectively.
The best RNN Highest ADL
(all-features) and recognition accuracy; High training
Autoencoders, RNNs autoencoder (feature RNN:Ss effectively complexity; requires
[69] Residential (smart home and their variants; reduction) significantly capture temporal large labeled datasets;
Orange4Home) comparisons with RF  outperform the baselines, dynamics; limited
and PCA acRi]gx{ing the highest autoencoders interpretability of
accuracy on enable efficient deep latent features.
Or-ange4Home. feature reduction.
Accuracy ranging from High recognition Assumes clear
Two hidden Mark 86.78% to 91.68% was accuracy (~87-92%); sensor-activity
Residential (accommodation wn?ocielse(llllM?\l/rI)'ov achieved for 16 activities, effective joint mapping; limited
[73] for two persons— ; ’ outperforming previous  modeling of location scalability to large
resident . . 5
SDHAR-HOME) location + activity unsgpermsed approaches and activity; households; sensitive
without tlhle ];1elgd for eliminates need for to sensor n%ise and
manual labeling. manual labeling. missing data.
Integrates HAR with
HAR module based SAC with activity energy control for High model
on ILM + deep information provides cost savings and complexity; requires
Residential (smart home reinforcement clear energy cost savings added revenue; continuous activity
[3] with DER and ILM) learning Soft and additional revenue maintains high user recognition input;
Actor-Critic (SAC) from network services comfort; adaptive potential stability
for energy control while maintaining high through deep issues in
user satisfaction. reinforcement long-term learning.
learning.
AE HAR hybrid . Requires stable
model: lightz/,veight HAR accuracy > 93% Hl%};;{AR. ;ccurfa y connectivity for
Public/personal IoT (users - i with >94% reduction in (>93%) wit major cloud offloading;
p shallow on-device - energy savines 8
[76] with mobile phones/ classifier + more device energy (>9 40/g ;I effici fnt heuristic control may
smartwatches in accurate deep model consumption compared hybri doea e—cloud limit generalization;
everyday environments) in the cloud to continuous use of dee v & otential pri
ydaay P design; adaptable to p privacy
bco}r:troue.d models in the cloud. mobil e, ToT contexts concerns for
y heuristics ’ transmitted data.
. Transformer achieves : .
Transformer with higher HAR accuracy Self-attention Compl'ltanonall'y
self-attention than classical ML and captures long-range demanding; requires
[70] Residential (smart home mechan@sm, other deep models on tempora! large trai_m'r_1g
P
CASAS Aruba) compared Wlth kNN, CASAS Aruba. providin dependencies; datasets; limited
SVM, LogitBoost, o noticea Ele & effective on complex interpretability of
CNN, LSTM improvement in accuracy. CASAS data. attention weights.
RNN . Very high accurac High computational
Hvbrid model aAdlllie(‘il;Hje+ high ilg;l:;l;;lcs and IZ)bugst'ness acro};s aﬁd menlljory cost;
C Ir\Tl IIIJSTIS/IS E Ty i d Y metrics; hybrids sensitive to
(75] Public/personal (users with CNN tL / ~SCOTE, Sensi vity an effectively combine hyperparameter
o + BIiLSTM, specificity; the best . o
wearable sensors—PAMAP2) CNN + GRU fi . £ spatial and temporal tuning; reduced
iGRU configurations OUfperiorm ¢y res: superior to interpretabili
CNN + BiGRU lassic ML and CNN al.  sup P ty
(Coastséltc dinan ffoctive on)e standalone CNN and  compared to simpler
uistanding electveness). ML models. architectures.
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Table 7. Cont.
Title Object Type Algorithms Result Advantages Limitations
Conceptual work—no Enables long-term Conceptual
Framework model: specific accuracy values; daptabili ith lidati 1
bootstrapping with shows that a adaptability wit validation only (no
unsupervised/active ~ well-designed HAR life minimal supervision; accuracy metrics);
Residential (general class P . & integrates lacks quantitative
[7] HAR, continual cycle allows for . .
of smart homes) : . . unsupervised and benchmarking;
learning, sequence satisfactory effectiveness continual learning: impl ;
analysis; no single to be maintained with s seal blg' implementation
specific algorithm minimal supervision over supports scalable complexity across
HAR deployment. system stages.

the long term.

3.5. Energy Disaggregation (Home Appliances Activity Recognition)

Contemporary research in the domain of energy-consumption monitoring in residen-
tial buildings focuses on two main areas: NILM and ADL. In the domain of classifying
current activities and identifying devices, both classic ML algorithms and advanced deep
networks play an important role. Research conducted on the UK-DALE dataset has demon-
strated that in tasks involving the prediction of the type of device in operation and the
associated activity of household members, models based on neural networks, such as
FFNN and LSTM, achieve higher accuracy (above 0.9) compared to SVM, although their
ability to be generalized to new buildings remains a challenge requiring local retraining [8].
A comparative analysis of classical methods reveals analogous conclusions. With regard to
the identification of the operating status (ON/OFF), DT and kNN algorithms achieved an
F1-Score above 95% based on the RAE and REDD datasets. This confirms the usefulness of
simpler models in specific applications of HEMS [10].

In the context of DL, particular attention is paid to sequential architectures. The em-
ployment of GRU and TCN models within the WaveNILM architecture has facilitated high
precision in device identification and the estimation of their energy flexibility based on
the AMPDs2 dataset, with WaveNILM demonstrating an advantage over GRU in terms of
training speed and fitting accuracy [9]. Research on the S2P architecture represents a devel-
opment of this trend. An innovative approach to S2Pe prediction, tested on the ENERTALK
and UK-DALE datasets, demonstrated higher effectiveness and better generalization than
standard S2P and S2S methods, especially when using GRU units in a multi-task model [77].
In turn, the employment of the WaveNet architecture, based on dilated convolutions and
residual blocks, allowed for a significant reduction in MAE errors compared to classic CNN
and LSTM networks. Moreover, it was demonstrated that direct binary classification is to
be preferred to regression thresholding in ON/OFF-state-detection tasks [78].

Furthermore, recent advancements indicate a paradigm shift towards Transformer-
based and GNN architectures. These architectures effectively address the limitations of
RNNs in capturing long-range temporal dependencies and inter-appliance correlations.
Studies using self-attention mechanisms with temporal pooling have demonstrated supe-
rior feature-extraction capabilities. These studies have achieved an F1-Score of 92.96% on
the UK-DALE dataset, even in noisy environments with overlapping loads [79]. Concur-
rently, graph-based approaches such as GraphNILM allow for modeling complex interac-
tions between devices, significantly reducing memory consumption while maintaining a
disaggregation accuracy suitable for edge deployment [80].

Alongside the development of the model architecture, privacy preservation has
emerged as a critical requirement for real-world deployment. To mitigate the risks of
centralized data collection, FL frameworks have been introduced. Novel approaches, such
as FUML, effectively address the challenge of data heterogeneity across different house-
holds. FUML employs a three-stage learning process and has been shown to outperform
existing federated methods. It achieves performance levels comparable to centralized
training while ensuring that sensitive raw data remains local [81].
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Graph Neural Network (GNN)

Feed-Forward Neural Network (FFNN)

Deep Neural Network (DNN)

Convolutional Neural Network (CNN)

Long Short-Term Memory (LSTM)

Bi-LSTM

Gated Recurrent Unit (GRU)

Bi-GRU

Autoencoders

Finally, enhanced granularity in detecting usage patterns facilitates the transition
from passive monitoring to active, adaptive building control. Recent research highlights
the potential of NIOM to drive demand-response strategies without the need for intru-
sive sensors. Energy-state-analysis algorithms can infer occupancy patterns directly from
smart meter data and distinguish between active usage and baseloads with high relia-
bility. This occupancy-driven approach enables scalable load-management systems that
adapt to household-specific behaviors, effectively bridging the gap between non-intrusive
monitoring and automated building control [82]. Furthermore, NILM-based solutions that
automate energy services can predict heat pump consumption with an average daily error
of less than 3.5%, offering a reliable foundation for automated demand-side management
strategies [83].

At the same time, generative methods and systems dedicated to environments with
renewable energy source integration are being developed. The employment of VAE within
the VAE-NILM architecture, enriched with IBN-Net blocks and skip connections, facilitated
the effective reconstruction of power-consumption profiles and state detection, reducing
the MAE error by 18-33% compared to reference methods [84]. In more complex scenarios
involving distributed energy resources such as PV or EV, the utilization of the ResNet-
seq2seq architecture with a post-processing mechanism effectively overcomes the problem
of model degradation in deep networks, achieving a significant reduction in errors for de-
vices with highly variable characteristics [14]. These predictive methods are complemented
by unsupervised approaches, such as a hierarchical decision system integrating fuzzy set
theory and association analysis, which enables the automatic labeling of devices without
the need for prior training, although its effectiveness may depend on the availability of
detailed electrical parameters and the regional specificity of the equipment [85]. The visual
classification of algorithms (types and methods) for energy disaggregation is presented
on Figure 5. As summarized in Table 8, a comprehensive collection of the most relevant
publications on energy disaggregation-based activity recognition has been compiled. This
compendium includes key parameters, methodologies, object types, and performance
indicators.

k-Nearest Neighbors (kNN)
Decision Tree (DT)

Random Forest (RF)
Deep Learning
Support Vector Machine (SVM)

Machine Learning

Energy Disaggregation

Principal Component Analysis (PCA)

Hierarchical Decision-Making
Rough Set Theory
Association Pattern Mining
Federated Learning

K-Means

Figure 5. Algorithm classification for energy disaggregation.
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Table 8. The list of selected publications: Energy Disaggregation.
Title Object Type Algorithms Result Advantages Limitations
The accuracy of neural Hich di ti o
network models at:gcuralcsag(gr()e %? flgp Significant accuracy
Residential (Smart (FENN, LSTM) is above trained hz])m;s: neural drop on unseen
Home; UK-DALE 0.9, and for SVM it is 4 buildings (~0.61);
(8] collection, houses FFNN, LSTM, SVM around 0.8. Tests on a mode?s outpg rform limited generalization;
no. 1 and 5) new building showed a SVM; effective for requires extensive
decrease in accuracy detailed appliance- labeled training data
t0 0.61. level monitoring. & :
WaveNILM achieved
an estimated accuracy High overall
WindowGRU (Gated of 91.19% (whole disaggregation Variable device-level
Residential Recurrent Unit), house), outperforming accuracy (~91%); performance (46-97%);
[9] ( AMP]%SSIZ Solllec tion) WaveNILM (Temporal the GRU model WaveNILM effectively high computational
Convolutional (approx. 69.9%). captures temporal cost; requires precise
Network—TCN) Accuracy for devices dependencies; superior temporal labeling.
ia6n ed 5r70/m to GRU baseline.
% t0 97%.
In the private Effective device
collection, seven out of identification in
Hierarchical nine devices were detailed datasets (7/9 I:;V\;eraisgtgafg ?jii?
Residential (6 private Decision-Making, correctly labeled. In the correctly labeled); da tap to: d ng 3s on
[85] houses in China, Rough Set Theory, REDD collection, interpretable s€ s,f etp e d sto
REDD collection) Association accuracy was lower hierarchical decision Jpower factor data,
Pattern Mining due to a lack of data on process; combines 1.1m1ted sca1§b111ty to
the power factor and multiple knowledge- diverse appliance sets.
regional differences. based methods.
Very high classification
Y gf L d 1
performance imited generalization
F1-Score above 95% 0/ \. o . R
(10} Residential RAEand  pcA \NN.DT. RE (DT on RAE: 95.21%, (.Flf 95% g)'bsllml\}:[’f' to unseen appliances;
REDD collections) , , DT, KNN on interpretable feature selection critical;
REDD: 95.70%). models; effective across ~ reduced robustness to
multiple datasets noisy signals.
(RAE, REDD).
SAE (aggregation error) ~ Very low aggregation Mod
o oftn below 01, eror SAE <O1:high (i B e
esidentia F1-Score above 93% for evice-level accurac . i
[77] (ENERTALK and CNN, GRU selected devices in the F1 > 93%); GRU Y fype; computationally
(architecture S2Pe) ( ) demanding t ;
UK-DALE collections) GRU model. Better architecture emancing franing;
results than outperforms standard ~ T€qUIres synchronized
standard S2P/S2S. SZP/SZS approaches_ hlgh—frequency data.
Significant error
MAE error reduction by reduction (MAE High training
Residential (UK-DALE VAE, VAE-NILM 151 % (UK-D ALE) and 18-33%); mgproved F1 complexity; requires
[84] collection—3 houses, (IBN-Net and 33 o (REFIT); Fl-Schre by >11% over extensive da}al
REFIT collection) skip connections) increase by over 11% ~ CNN/S2P; VAE-NILM  preprocessing; limited
compared to reference effectively captures interpretability of
methods (CNN, S2P). complex latent features.
appliance patterns.
lowest MAE error (e, Verylow MAE (54 w) - Computetionally
Residential (REFIT CNN, BLSTM approx. 54 W). The “{)ﬁh Wagﬁggé%g requir,ements;
[78] esicentia (Bidirectional LSTM), direct binary classifier . Y threshold-based
collection—20 houses) Y imy F1 perfi ;
: . proves F1 performance; ; h
BGRU, WaveNet achieved a higher F1 offective modeling of regression less reliable
score than regression temporal d © 4 5O for rare
result thresholding. 3 ependencles. appliance states.
High accuracy Hi .
gh computational
o (F1 ~ 93%); robust to .
. . Transformer-NILM, F1-Score of 92.96% and noise with effective and memory dem‘ar‘lds,
[79] Residential Deep Neural Networks SAE of —0.036; feature extraction: requires large training
(UK-DALE, REDD) p . superior feature ’ datasets; limited
P £ 5
(Feature Extraction) extraction in noise outperforms int tability of
’ conventional deep Lgtfsr}:’fii a 11 1ty o
NILM models. n layers.
Competitive accuracy Requires graph
(~86%) with much construction and
Residential GraphNILM, Graph t%osné}zraAra(l;lZ a%%tgéif%}; lower memory usage; tuning; potential
[80] (UK-DALE, REDD) Neural Network (Edge AC) with si.gliiificantly efficient for edge NILM performance drpp .for
NILM deployment) reduced memor deployment; scalable complex loads; limited
¥ to resource- interpretability of
constrained devices. graph embeddings.
Large MAE -
: Communication
FUML. Federated MAE improvement up Hg; 1;oo/ve.mer.1t Eup to overhead in federated
[81] Residential LearniflgePff\?aﬁy- to 67.7% for washers; o O)L/t;rrf H;\raalglsé to setup; sensitive to
(Heterogeneous Data) Preserviﬁg NILM comparable to cen trglize d If‘no dels; data heterogeneity;

centralized training.

ensures data privacy
across households.

increased
training complexity.
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Table 8. Cont.
Title Object Type Algorithms Result Advantages Limitations
Accurately infers Dependent on
. Precise interfered occupancy from ener high-resolution meter
. . O -D DR pancy gy &
[82] Residential (Smart E;cetiparéctzte 2;?:11 sis. occupancy patterns data; enhances demand ~ data; privacy concerns
Meter Data) K-I\%Zans clus teri}rl’l 4 from smart meter data response scalability; from inferred
8 and scalable DR no need for behaviors; limited
additional sensors. activity granularity.
Very low prediction Device-specific
Heat pump error (<3.5%); high calibration required;
83] Residential (Heat ML-based NILM, consumption reliability for daily heat limited transferability
Pump Data) Decision Tree prediction error < 3.5% pump monitoring; to other appliances;
(daily average). suitable for real-world ~ depends on consistent
energy management. operational cycles.
Substantial MAE
. < o
MAErducion  redution (287 pigharhteeurl
Residential (REDD and ResNet-seq2seq p ResNet—squse(,] complexity; long

[14]

Pecan Street
collections—PV /EV)

(Residual Networks +
Sequence-to-Sequence)

CNN-seq2seq:
55% (PV), 69% (EV),
57% (fridge),
85% (microwave).

enhances temporal
feature extraction;
strong generalization

training times; requires
large, device-
specific datasets.

to diverse loads.

4. Gaps and Future Works

While the data-driven paradigm has fundamentally transformed building engineering
and AI and ML methods have demonstrated significant potential in optimizing building-
management systems, existing solutions continue to encounter inherent limitations that
impede their scalable implementation in real-world scenarios. A critical challenge remains
the lack of cross-domain robustness, resulting in limited generalizability across different
facilities. The prevailing body of research validates algorithms on homogeneous datasets
or within single buildings, leading to significant performance degradation when deployed
in new operational environments. The “cold start” problem, along with the necessity of
acquiring historical training data for every new installation, constitutes both an economic
and technical barrier that even modern transfer learning techniques have not fully re-
solved [8,28,32,44]. Furthermore, the deficit of high-quality ground truth data remains a
bottleneck for supervised learning methods. In uncontrolled residential environments,
acquiring precise activity labels from occupants is an invasive and error-prone process. This
necessitates the exploration of more autonomous semi-supervised methodologies [6,31].

A significant technological obstacle is the misalignment of spatiotemporal resolution
between model requirements and actual metering infrastructure. In the domain of NILM,
high predictive accuracy is often correlated with high-frequency sampling (e.g., 1 Hz),
which contradicts the standard of AMI that typically provides data at 15- or 60-min in-
tervals. This aggregation results in the loss of short-duration event signatures, thereby
limiting the effectiveness of energy disaggregation [10,14,84]. Analogously, in the field of
thermal-comfort modeling, conventional methodologies frequently neglect the spatial het-
erogeneity of a zone, treating a room as a homogeneous thermodynamic point and ignoring
local microclimates determined by proximity to transparent surfaces or diffusers [40,41].
Moreover, the stochastic nature of human behavior often exceeds the capabilities of deter-
ministic models, which frequently treat the household as a monolithic entity. The neglect
of multi-resident scenarios results in input data ambiguity, where overlapping activities are
difficult for conventional neural networks to separate [54,73,74]. Furthermore, static models
rarely account for environmental non-stationarity, including concept drift resulting from
seasonality or the evolution of occupant habits, which leads to the gradual degradation of
prediction accuracy over time [7,51]. Finally, a disconnect is observable between statistical
ML metrics and their operational utility within control loops. High-accuracy indicators
(e.g., Accuracy) do not guarantee the optimization of objective functions such as energy
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efficiency [29], and the lack of interpretability of complex “black box” models diminishes
end-user trust and hinders the verification of control decisions [35,71].

Alongside these data and modeling challenges, there are distinct gaps in algorithmic
robustness and market mechanism design. Advanced methodologies, such as HRL and
HPRL, have been proposed to manage large state spaces and improve sample efficiency.
However, traditional algorithms struggle to process hybrid discrete-continuous action
spaces without simplifying the environment model. This compromises optimization accu-
racy in complex scenarios, such as island groups. In the context of market-based energy,
management frameworks often fail to account for user defaults or allow for flexibility in bid
adjustments within trading cycles, which limits their practical applicability. Additionally,
integrating multi-energy carriers requires complex joint trading mechanisms that account
for multi-time scale characteristics. Neglecting the differences in transmission speed among
electricity, gas, and heat often results in trading failures [86,87].

Overcoming the identified limitations requires a fundamental paradigm shift in the
design of HEMS—a transformation from reactive systems toward proactive, cognitive, and
transparent solutions. Future research directions should focus on the implementation of
dynamic home-arrival-time prediction models that, by integrating historical behavioral
patterns with stochastic variables, enable the predictive conditioning of building zones,
thereby eliminating energy losses associated with standby operation [88,89]. Simultane-
ously, the evolution of HBI interfaces is trending toward the elimination of burdensome
explicit feedback in favor of implicit feedback inference. State-of-the-art algorithms should
analyze natural user interactions with building actuators (e.g., windows, thermostats) as
surrogates for comfort assessments, which constitutes a logical progression of research
on adaptive behavior detection [90,91]. The availability of such granular behavioral data
justifies the broader implementation of Deep Reinforcement Learning, allowing agents to
autonomously learn control strategies via trial-and-error without the need for defining
rigid expert rules [92-94]. A prerequisite for the long-term stability of such systems is the
development of lifelong learning mechanisms capable of detecting and adapting to concept
drift. These algorithms must precisely discriminate between one-time anomalies [95] and
permanent shifts in usage profiles [96], ensuring continuous operation without mainte-
nance intervention [7]. As system autonomy increases, transparency becomes a critical
requirement, necessitating the advancement of XAI methods dedicated to building energy
applications. Generating human-understandable justifications for control decisions is essen-
tial for increasing the acceptability of automation and building trust in the human-machine
relationship [97,98]. Finally, in light of challenges related to data sovereignty and trans-
mission latency, edge computing utilizing FL is becoming a technological imperative. This
architecture enables the training of personalized models locally on edge devices, reconciling
high predictive efficacy with rigorous privacy protection for residents [99,100], thereby
addressing the growing security requirements in IoT ecosystems [76].

Future research should focus on several key directions. First, challenges related to
real-world deployment, including hardware variability and dynamic operating conditions,
should be addressed through the development of lightweight Gaussian Process approxima-
tions and integration with edge computing, as well as adaptive model-update mechanisms
to preserve accuracy under evolving building dynamics [75]. In parallel, the further re-
finement of the dual LSTM architecture is needed by means of systematic hyperparameter
optimization and architectural exploration, together with the incorporation of regulariza-
tion techniques and external variables such as weather conditions and occupancy patterns
to enhance robustness and predictive performance [47].

Additionally, future studies should incorporate the perspectives of healthcare staff to
better distinguish seasonal sleep variations from health-related changes and extend the
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analysis to multi-resident smart homes as well as diverse geographical regions to improve
generalizability [40]. Predictive performance in scenarios involving thermal discomfort
should also be improved through the application of advanced control strategies, includ-
ing reinforcement learning and model predictive control, while extending the proposed
methodologies to a broader range of measurement challenges beyond thermal comfort
alone [34]. Finally, further work should investigate the integration of blockchain tech-
nologies with IoT systems for the secure handling of occupancy data, advance sensor
fusion and optimal sensor placement strategies, and explore occupant localization together
with activity forecasting to enhance both energy efficiency and privacy in smart building
environments [23].

While the authors acknowledge the critical risks related to occupant privacy, unau-
thorized monitoring, and misuse of behavioral data, a detailed discussion of security and
privacy-preserving mechanisms is beyond the scope of this review.

5. Conclusions

This review provides a comprehensive synthesis of recent advances in using Al and
ML to detect user activities and identify energy habits within HEMS. A review of the extant
literature reveals a rapidly growing volume of research focused on leveraging data-driven
approaches that enable proactive energy control, occupant-cantered system adaptation, and
demand-side flexibility. Utilizing a taxonomy based on detected phenomena (occupancy,
thermal comfort, seasonal patterns, activity recognition, and energy disaggregation) and
modeling architectures, this study illustrates how Al and ML techniques are transforming
HEMS from passive monitoring to intelligent, predictive decision-support systems capable
of learning and adapting to evolving user behaviors.

Key findings indicate that DL models, particularly LSTM, GRU, and hybrid CNN-
LSTM architectures, consistently achieve the highest accuracy in activity detection and
load forecasting, especially when applied to time-series energy consumption data enriched
with contextual information, such as occupancy states, weather conditions, and thermal
parameters. Sensor-based activity-recognition systems demonstrate occupancy detection ac-
curacies ranging from 95 to 99%, while energy disaggregation—INILM methods successfully
identify individual appliance operations without requiring intrusive monitoring. Hybrid
systems that combine neural network predictions with rule-based logic, physics-informed
models, or optimization algorithms demonstrate enhanced robustness and interpretability
in real-world deployments. Furthermore, it has been demonstrated that models which have
been trained on a range of building types are capable of exhibiting sufficient generalization
capabilities to facilitate the deployment of behavioral pattern-detection methodologies in
both residential and commercial contexts.

Nevertheless, a number of critical challenges limit the widespread deployment of
these technologies. Most models remain trained on localized, single-building datasets,
which severely restricts cross-building transferability and scalability to diverse house-
hold compositions and geographic contexts. The interpretability and explainability of DL
predictions remain largely unaddressed, limiting user trust and regulatory compliance.
Furthermore, integration with existing building automation systems and IoT platforms
remains inconsistent, and few studies comprehensively address data privacy, security, and
federated learning approaches necessary for deployment at neighborhood or district scales.
The absence of standardized datasets, benchmarking protocols, and performance metrics
impedes rigorous comparative assessment and reproducibility of findings across the field.

It is recommended that future research should prioritize developing lightweight, com-
putationally efficient, and explainable models suitable for real-time deployment on edge
devices with limited resources. Promising research directions include advancing federated
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learning frameworks for privacy-preserving distributed training across multiple house-
holds, integrating activity- and habit-detection models with digital twin platforms and
automated HVAC-lighting control systems, and incorporating uncertainty quantification
to enhance robustness under varying conditions. Furthermore, research should extend
beyond energy consumption optimization to include broader occupant-cantered metrics
encompassing thermal comfort, indoor air quality, and behavioral adaptability to support
holistic residential building operation.

The integration of detected activities and habits with DR programs, time-of-use tariff
optimization, and renewable energy self-consumption management represents a significant
opportunity for reducing residential sector energy consumption and facilitating grid-level
demand-side flexibility. By combining real-time activity recognition with predictive ana-
lytics and optimization, Al- and ML-based HEMS can not only reduce operational costs
and peak demand but also support the integration of distributed renewable generation and
energy storage systems. Multimodal sensor fusion, performance metrics, open datasets,
and industry—academia collaboration will be essential for building trustworthy, trans-
parent, and scalable activity detection and habit identification systems that align with
the transition toward low-carbon, resilient, and occupant-cantered smart buildings. The
convergence of these technologies directly supports broader sustainability objectives and
positions intelligent, data-driven energy management as a cornerstone of future smart
building ecosystems.
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The following abbreviations are used in this manuscript:

AC Air Conditioning

ADL Activities of Daily Living
AE-HAR Accuracy and Energy Aware-HAR
Al Artificial Intelligence

AMI Advanced Metering Infrastructure
ANN Artificial Neural Network

AO-ANN (BP) Adam Optimizer—Artificial Neural Network—Back-Propagation Network
AR Auto Regressive

ARIMA Auto Regressive Integrated Moving Average
ASHRAE American Society of Heating, Refrigerating and Air-Conditioning Engineers
AUC Area Under the Receiver Operating Characteristic (ROC) Curve
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BBQ
Bi-GRU
BiLSTM
BIM

BLE

BO
Build2Vec
CART
CDLSTM
CLO
CNN
CO2
CRF
DBSCAN
DeXAR
DL
DMD
DNN
DR
DRNN
DSM

DT

ECE
EMD
ExKMC
EV

EUI
FFNN
FL
FUML
GBDT
GCN-LSTM
GNN
Gpcalib
Grad-CAM
GRU
HAR
HBI
HEMS
HMM
HPRL
HRL
HVAC
TIoT

ILP
K-means
kNN
LAHAR
LDA
LIME
LLM

LR
LSTM
MAE

Bayesian Binning into Quantiles

Bidirectional Gated Recurrent Unit
Bidirectional Long Short-Term Memory
Building Information Model

Bluetooth Low Energy

Bayesian Optimization

Build2Vec (Building to Vector)

Classification And Regression Trees
Convolutional Deep Long Short-Term Memory
Clothing Insulation

Convolutional Neural Network

Carbon Dioxygen Concentration

Conditional Random Fields

Density-Based Spatial Clustering of Applications with Noise
Deep Explainable Sensor-Based Activity Recognition
Deep Learning

Dynamic Mode Decomposition

Deep Neural Network

Demand Response

Deep Residual Neural Network

Demand Side Management

Decision Tree

Expected Calibration Error

Empirical Mode Decomposition

Explainable K-Means Clustering

Electric Vehicle

Energy Use Intensity

Feed-Forward Neural Network

Federated Learning

Federated Unilateral-Mutual Learning
Gradient Boosting Decision Tree

Graph Convolutional Network Long Short-Term Memory
Graph Neural Network

Gaussian Process Calibration
Gradient-weighted Class Activation Mapping
Gated Recurrent Unit

Human Activity Recognition
Human-Building Interaction

Home Energy Management System

Hidden Markov Model

Hybrid Policy-Based Reinforcement Learning
Hierarchical Reinforcement Learning
Heating, Ventilation, and Air Conditioning
Internet of Things

Inductive Logic Programming

K-means Clustering

k-Nearest Neighbors

Locality-Aware Human Activity Recognition
Linear Discriminant Analysis

Local Interpretable Model-agnostic Explanations
Large Language Model

Linear Regression/Logistic Regression

Long Short-Term Memory

Mean Absolute Error
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MAPE
M-ARM
MCC
MET
ML
MLP
MPC
MSE
MTL
NB
NCA
NILM
NIOM
NN
PCA
PCC
PIR
PMV
PV

RBF

RF
RFECV
RH

RL
RMSE
RNN
S2Pe
S2S
S25-LSTM
SAE
SARMIA
SARSA
SAX
SEEDS
SET
SHAP
SMOTE
STLF
SVM
SVR
TAV
TCN
TCV
TiFe

TL

TPV
TSV
UWB
VAE
XAI
XGBoost
XGB-RFECV

Mean Absolute Percentage Error
Multidimensional Association Rule Mining
Matthews Correlation Coefficient
Metabolic Rate

Machine Learning

Multilayer Perceptron

Model Predictive Control

Mean Square Error

Multi-Task Learning

Naive Bayes

Neighborhood Components Analysis
Non-Intrusive Load Monitoring
Non-Intrusive Occupancy Monitoring
Neural Network

Principal Component Analysis

Pearson Correlation Coefficient

Passive Infrared

Predicted Mean Vote

Photovoltaic

Radial Basis Function

Random Forest

Recursive Feature Elimination with Cross-Validation
Relative Humidity

Reinforcement Learning

Root Mean Square Error

Recurrent Neural Network
Sequence-to-Point End
Sequence-to-Sequence

Sequence to Sequence Long Short-Term Memory
Signal Aggregate Error

Sesonal Auto Regressive Integrated Moving Average
State-Action-Reward-State-Action
Symbolic Aggregate approXimation

Smart Energy Efficiency Data Set

Standard Effective Temperature

SHapley Additive exPlanations

Synthetic Minority Over-sampling Technique
Short-Term Forecasting

Support Vector Machine

Support Vector Regression

Termal Acceptability Vote

Temporal Convolutional Network
Thermal Comfort Vote

Time Features

Transfer Learning

Thermal Preference Vote

Thermal Sensation Vote

Ultra-Wide Band

Variational Autoencoder

Explainable Artificial Intelligence

eXtreme Gradient Boosting

eXtreme Gradient Boosting Recursive Feature Elimination with Cross-Validation
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