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2.1 Machine learning approaches for thermal comfort prediction
Machine Learning (ML) can solve non-linear complex problems with big dimensions. In comparison with regression methods, ML has a much stronger performance in determining nonlinear non-standard relations between independent and dependent variables [25]. Main practices of Machine ML, namely, classification, regression, clustering, dimension reduction and learning in context have been adopted in the field of building performance in order to (a) reduce thermal comfort-related energy consumption in buildings, (b) build average-based models (group thermal comfort) and Personal Comfort Models (PCMs), (c) determine outdoor thermal comfort [26-29] and d) monitor or predict occupants’ behavior [30-34]. These practices are conducted by means ofthree main methods including Supervised Learning, Unsupervised Learning, and ReinforcementLearning.
ML thermal comfort models can find empirical relationships between occupants’ thermal feedback and the affecting variables without explicit knowledge of the physical effects of each factor (self-learning ability) [35]. In comparison with PMV and adaptive models, ML models make it possible for the analyst to test different combinations of inputs and find the most effective parameter(s).
However, the application of ML in thermal comfort (and building energy efficiency studies) suffers from issues such as non-uniform and divergent research objectives, diverse ML algorithms, limited data accuracy, limited collection techniques and resources, data structure nonuniformity, technology-oriented research paradigms, inadequate model adaptability, and lack of user confidence [36]. Furthermore in [37] is mentioned that an individual has its unique thermoregulation mode and thermal stress response, so it is necessary to establish PCMs  forindependent analyses and predictions while according to [38] tuning, model optimization, deployment of comfort models in building control systems and quantifying the benefits of AI-based comfort control systems should be further studied. Previous review papers, such as [38-40] suggest that ML methods were mostly focused on introducing algorithms and the overall process without emphasizing essential issues, such as determination of sample size, time scale, target parameter, validation methods and performance metrics. Thus, there still is a need for a more comprehensive and detailed review of ML applications in thermal comfort studies.
More specifically there are challenges regarding data collection [41], thermal comfort indices [41], occupant’s responses [42], sample size, feature selection [43], model selection and real-world application in the field of thermal comfort IoT data analytics, with ML model selection,data privacy and security, and Federated Learning being the major ones.
2.2 Edge computing architectures
Recent advancements in multimodal sensing, edge computing, and intelligent human-machine interaction offer new possibilities for real-time, personalized thermal comfort regulation. Multimodal data sources, including thermal imaging, electrodermal activity (EDA) [44], and computer vision-based posture analysis, enhance prediction accuracy by integrating
environmental, physiological, and behavioral signals [45]. Edge computing further supports realtime inference and reduces privacy risks by performing computations locally, mitigating concerns associated with cloud-based data processing [46]. However, despite these advances, several challenges remain: (1) real-time constraints due to the high computational cost of processing multimodal data streams, particularly video and physiological signals; (2) privacy concerns related to biometric data storage and transmission, raising regulatory issues under frameworks such as GDPR; and (3) the adaptability of existing models, which often struggle to account for contextual variations such as seasonal changes, clothing insulation, and individual preferences [47].
In [48] a hybrid edge-cloud framework is proposed, integrating multimodal sensing, Retrieval Augmented Generation (RAG), and Augmented Reality (AR) to enable real-time, personalized thermal comfort regulation. The system employs hierarchical multimodal feature processing, domain-specific knowledge retrieval, and an adaptive edge-cloud collaboration strategy to optimize computational efficiency while ensuring user privacy and adaptability. An edge computing thermal imaging system that can precisely detect the presence and count the number of people in a focused area in real-time is presented in [49]. An AI-enabled, occupantcentric control framework that passively estimates per-person features from synchronized RGB and thermal-infrared (TIR) streams is described in [50]. An IoT architecture for commercial buildings proposed in [51] establishes a multi-layer data network comprising environmental sensing, edge computation, and cloud-based analytics.
In [52-53] mobile edge computing-assisted digital twin deployment schemes are proposed for activity recognition. By leveraging deep reinforcement learning, these approaches extract only the necessary activity data, thereby reducing data transmission constraints and latency while improving prediction accuracy and reducing computational and communication costs. In [54] a novel reduced action recognition framework is proposed based on LSTM (Long Short-Term Memory) and edge computing. Results demonstrated that across the tested datasets, the model achieved precision, F1-score, and recall all above 98%. However, although this lightweight model reduces computational costs and is suitable for deployment in practical control systems, it limits the number of actions that can be accurately classified.
In [55] an IoT-based wearable device was developed that enabled individuals to control their personal thermal comfort in residential buildings. Various supervised learning algorithms were tested to determine the ideal room temperature for each occupant in the building. The personalized comfort model was then used to simulate an intelligent controller, which applied the Particle Swarm Optimization (PSO) method to identify the optimal thermal comfort parameters.
In [56] a real-world IoT testbed was implemented and deployed in a smart home environment to efficiently reduce energy consumption while ensuring human comfort. The system used data analytics and machine learning algorithms to predict home occupancy, which was then integrated into a comfort-aware energy-saving mechanism named the prediction- and feedback based proactive energy conservation algorithm to forecast energy consumption
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