
A Multimodal Thermal Comfort Perception System with Edge-Cloud Collaboration and Augmented Reality

ABSTRACT: 
Thermal comfort perception is a fundamental challenge in intelligent environmental systems. The adjustment of the smart system could enhance the human well-being and keep resilient buildings. However, traditional methods struggle with limited environmental context awareness and a lack of personalized adaptation. This paper proposes a multimodal thermal comfort perception system integrating edge computing, cloud-based Retrieval-Augmented Generation (RAG), and Augmented Reality (AR) technologies. The system achieves low-latency, high-precision personalized thermal environment regulation through heterogeneous sensor data acquisition, lightweight model inference, and knowledge-driven decision-making. Experiments demonstrate that compared to traditional methods, the system improves thermal comfort prediction accuracy while maintaining an average response latency in the acceptable level. AR interaction significantly enhances user satisfaction (NPS 90). The study validates the theoretical innovation and application potential of the edge-cloud hierarchical architecture and AR visualization in privacy preservation, real-time performance, and human-machine collaboration.
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1. INTRODUCTION:
Thermal comfort is a critical factor in intelligent environmental systems, influencing not only occupant well-being and productivity but also energy efficiency. Traditional thermal comfort assessment methods, such as the Predicted Mean Vote (PMV) (Fanger, 1970) and Predicted Percentage of Dissatisfied (PPD) (ISO, 2005) models, estimate thermal sensation based on environmental parameters like air temperature, humidity, and airflow. However, these approaches assume a uniform response across individuals, failing to capture the complexities of human thermal perception, which is influenced by physiological states, psychological factors, and behavioral adaptations (Chen et al., 2020). Single-modal sensor-based methods, such as temperature and humidity monitoring, also lack the ability to integrate diverse factors affecting comfort.
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) (Fadhel et al., 2024), and computer vision-based posture analysis, enhance prediction accuracy by integrating environmental, physiological, and behavioral signals (Haruehansapong et al., 2023). Edge computing further supports real-time inference and reduces privacy risks by performing computations locally, mitigating concerns associated with cloud-based data processing (Qiu et al., 2020). 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 (ASHRAE, 2021).
To address these challenges, this study proposes a hybrid edge-cloud framework integrating multimodal sensing, Retrieval-Augmented Generation (RAG), and Augmented Reality (AR) to enable real-time, personalized thermal comfort regulation (Abdelrahman & Miller, 2022). 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. By incorporating AR-based visualization, the system provides an intuitive user interface, enabling dynamic interaction and feedback for personalized comfort management. The integration of multimodal sensing, human-centric AI, and edge-cloud computing establishes a foundation for future intelligent environmental systems.

2. METHODS
The proposed system is structured as a three-layer architecture comprising an edge layer, a cloud layer, and an AR interaction layer. The edge layer, implemented on AR devices and IoT-enabled sensors, is responsible for real-time data acquisition, lightweight processing, and privacy-preserving feature extraction. The cloud layer handles complex multimodal data fusion, knowledge retrieval, and global optimization. The AR interaction layer provides immersive visualization and facilitates real-time adjustments through user feedback.

Figure 1: The framework of the system and experiment methods.

2.1 Edge layer system
The edge layer constitutes the frontline of the proposed thermal comfort perception system, engineered to acquire, preprocess, and relay multimodal data in real time within a compact 10 m² indoor environment, thereby enabling rapid response and reducing cloud dependency. Deployed across four sensing stations strategically positioned to ensure spatial coverage, this layer integrates an RS485-based IoT infrastructure chosen for its deterministic latency (<10 ms) and capacity to support up to 32 devices over a 1200 m bus, outperforming wireless alternatives like MQTT in small-scale, high-density setups. Each station is equipped with a suite of sensors: a DS18B20 temperature sensor (±0.5°C accuracy, 0–100°C range) sampling ambient conditions at 1 Hz, a DHT22 humidity sensor (±2% RH accuracy, 0–100% range) capturing relative humidity, and a hot-wire anemometer (±0.1 m/s accuracy, 0–2 m/s range) measuring airflow, collectively providing a comprehensive environmental profile. Behavioral data, such as clothing insulation (CLO) and posture, are derived from RealSense D435i RGB/infrared cameras (15 fps, 1280x720 resolution), while physiological signals—skin temperature (±0.2°C) and heart rate variability (HRV, via PPG)—are collected at 64 Hz using Empatica E4 wearables worn by the 30 participants. Temporal synchronization across these heterogeneous streams is achieved via the Precision Time Protocol (PTP), maintaining coherence within 1 ms jitter, critical for aligning rapid physiological changes (e.g., HRV spikes) with slower environmental shifts (e.g., temperature gradients).
To balance real-time performance with privacy and bandwidth constraints, the edge layer employs on-device preprocessing, executed on an NVIDIA Jetson Nano (4 GB RAM, 472 GFLOPS) at each station. Environmental data are filtered using a 5-point moving average to reduce noise (e.g., smoothing temperature fluctuations <0.3°C), while physiological signals undergo baseline correction (e.g., subtracting a 10-second HRV mean) to isolate transient responses. Video feeds from the RealSense cameras are anonymized through Gaussian blurring (σ = 10) and Mask R-CNN segmentation (IoU > 0.9)c (Cao et al., 2022), extracting posture and CLO estimates (e.g., 0.5 for light clothing) while obscuring facial features, with processed frames reduced to 320x240 resolution to minimize data volume. A quantized MobileNetV3 model (8-bit precision, 4.6 MB) performs lightweight thermal comfort inference at the edge, achieving 50 ms latency per sample and outputting preliminary comfort scores (e.g., “neutral” or “slightly warm”) with 85% accuracy on a pre-trained subset. During network disruptions, a rule-based fallback adjusts settings heuristically (e.g., +1°C for CLO > 0.8, -0.5°C for HRV > 80 bpm), ensuring system resilience. Preprocessed data—compressed into JSON packets (e.g., {"temp": 24, "hrv": 65, "clo": 0.8})—are transmitted to the cloud via an RS485-to-Ethernet gateway over HTTPS, with an average uplink latency of 10 ms and zero packet loss across 1000 trials, reflecting the wired protocol’s reliability.
The edge layer’s design optimizes both efficiency and privacy, consuming 8 W per station (total: 32 W), a 20% reduction from centralized processing baselines, while offloading complex computations to the cloud. Calibration of sensors, conducted pre-deployment using a two-point method (e.g., DS18B20 at 20°C and 40°C against a Fisher Scientific oven), ensures accuracy within specified tolerances, validated daily during the 2-hour experimental sessions with 30 participants. This layer’s 50 ms end-to-end latency—spanning acquisition (20 ms), preprocessing (20 ms), and inference (10 ms)—integrates seamlessly with the cloud’s 80 ms and AR’s 20 ms, meeting the system’s 150 ms real-time threshold. By decentralizing initial processing and leveraging RS485’s robustness, the edge layer not only supports the system’s scalability within constrained spaces but also sets a foundation for privacy-preserving, responsive thermal comfort management, distinguishing it from traditional centralized IoT frameworks.

2.2 Cloud layer system
The cloud layer serves as the computational backbone of the proposed thermal comfort perception system, orchestrating the fusion of multimodal data, executing advanced inference, and delivering actionable recommendations to the AR interaction layer (Cvetković et al., 2018). Designed to complement the edge layer’s real-time preprocessing, the cloud leverages its superior computational resources to process complex, high-dimensional inputs—environmental (e.g., temperature, humidity, airflow), physiological (e.g., skin temperature, HRV), and behavioral (e.g., posture, CLO)—transmitted via a secure HTTPS connection over RS485-to-Ethernet gateways. Hosted on an AWS EC2 g5.xlarge instance equipped with an NVIDIA A10G GPU (24 GB VRAM, 70 TFLOPS), the cloud layer ensures scalability and low-latency processing, critical for maintaining the system’s end-to-end response time below 150 ms. The cloud’s workflow comprises three integrated components: a cross-modal Transformer for multimodal fusion, an RAG pipeline as the system’s primary innovation for personalized inference, and an optimization module for actionable HVAC commands, collectively leveraging edge resilience and participant feedback to achieve real-time adaptability.
The cross-modal Transformer serves as the initial fusion engine, synthesizing environmental (e.g., temperature: 24°C, humidity: 45%, airflow: 0.3 m/s), physiological (e.g., skin temperature: 33°C, HRV: 65 bpm), and behavioral (e.g., posture: sitting, CLO: 0.8) inputs into a cohesive latent representation. Architecturally, it features 8 attention heads and 12 layers, with a 512-dimensional embedding space, employing multi-head self-attention to dynamically assign weights to modalities based on contextual relevance (e.g., increasing HRV weight by 20% during detected activity spikes, calculated via attention scores normalized across inputs). Input data are preprocessed into fixed-length sequences: environmental and physiological values are normalized to [0, 1] (e.g., temperature scaled over 18–26°C) and concatenated with one-hot encoded behavioral features (e.g., posture as a 3-class vector: sitting, standing, moving), forming a 64-dimensional input tensor per timestep, padded to a 10-second window (10 samples at 1 Hz). The Transformer was trained on a hybrid dataset of 17,200 samples—50% from ASHRAE Global Thermal Comfort Database II (Földváry Ličina et al., 2018) (10,000+ records of temperature, humidity, and sensation votes) and 50% from experimental data (7,200 samples from 30 participants across 18–26°C, 40–70% RH, 0.1–0.5 m/s airflow)—using a supervised regression task to predict thermal sensation (-3 to +3). Training employed the AdamW optimizer (lr = 0.001, β1 = 0.9, β2 = 0.999, weight decay = 0.01) over 50 epochs with a batch size of 32, minimizing a mean squared error (MSE) loss augmented by an L2 regularization term (λ = 0.01) and 5-fold cross-validation ensured robustness, yielding a validation loss of 0.12 and MAE of 0.18, with inference latency averaging 60 ms per sample on the A10G GPU, producing a 512-dimensional latent comfort vector.
The RAG pipeline, the system’s defining innovation, augments this latent vector with personalized and contextual knowledge to transcend static thermal comfort models like PMV, achieving individual-specific inference. It constructs a dual knowledge base: structured data from ASHRAE 55-2020 (e.g., PMV ranges, PPD thresholds) are stored in a PostgreSQL database with indexed tables (e.g., temp_range, clo_value, recommendation), accessed via SQL queries (e.g., SELECT recommendation WHERE temp BETWEEN 23 AND 25 AND clo = 0.8) in 30 ms; unstructured data, including real-time weather from OpenWeather API (e.g., “20°C, 45% RH”) and participant preferences (e.g., thermal sensation votes [-3 to +3] collected every 15 minutes via HoloLens 2 app), are tokenized with BERT (Devlin et al., 2019) and embedded into 384-dimensional vectors using Sentence-BERT (all-MiniLM-L6-v2), indexed in a (Douze et al., 2024) FlatL2 database (1M vectors capacity). Retrieval is triggered every 5 seconds by edge updates, where the Transformer’s latent vector is encoded into a query embedding (Sentence-BERT, 10 ms), and FAISS performs a k-nearest neighbors search (k = 5, cosine similarity > 0.8, 50 ms) to retrieve relevant unstructured context (e.g., “User prefers 22°C in winter”), aggregated with SQL results into a context snippet (e.g., “ASHRAE: 23–25°C, User: +1 vote at 24°C, Weather: 20°C”) in 80 ms total. This context, concatenated with the latent vector, forms a prompt (e.g., “Given [context] and [temp = 24°C, HRV = 65 bpm], recommend adjustment”) for a fine-tuned LLaMA-13B model (13B parameters, pre-trained on general text, fine-tuned on 10,000 thermal comfort samples with lr = 2e-5, 5 epochs, cross-entropy loss = 0.15), generating recommendations (e.g., “Adjust to 23°C, 0.3 m/s”) in 100 ms. Outputs are constrained to feasible ranges (18–26°C, 0.1–0.5 m/s) and cross-checked against ASHRAE bounds, ensuring physical plausibility.
An optimization module finalizes the process by translating RAG outputs into energy-efficient HVAC commands using quadratic programming (QP), solving for temperature and airflow setpoints to minimize power (e.g., ≤15 W) subject to comfort constraints (e.g., PMV < 0.5), completed in 10 ms. Commands are serialized into JSON payloads (e.g., {"temp": 23, "airflow": 0.3}) and transmitted via MQTT (QoS 1, 10 ms latency) to the edge for execution. Participant feedback—passive sensor data (E4 wearables, RealSense D435i) and active votes (HoloLens 2 app)—is logged in an Elasticsearch cluster, enabling iterative refinement of the RAG knowledge base (e.g., updating user preferences). This RAG-centric design, adapting NLP techniques to thermal comfort, integrates edge inputs and real-time context to achieve personalized inference, marking a significant departure from static models and underpinning the system’s scalability and user-centric performance.

2.3 AR interaction layer system
The AR layer, implemented on the Microsoft HoloLens 2 (96.1° diagonal field of view, 6 degrees of freedom), constitutes the interactive interface of the multimodal thermal comfort perception system, designed to visualize cloud-generated thermal comfort recommendations and facilitate real-time user feedback within a 10 m² experimental space. Positioned as the final stage of the system’s edge-cloud-AR architecture, it receives optimized HVAC commands (e.g., {"temp": 23, "airflow": 0.3}) from the cloud layer via MQTT (QoS 1) over a secure Wi-Fi connection, achieving a transmission latency of 10 ms. Leveraging the HoloLens 2’s mixed reality capabilities—powered by a Qualcomm Snapdragon 850 processor, 4 GB RAM, and a custom holographic processing unit (HPU)—the AR layer renders spatial-temporal comfort metrics and enables participants to actively engage with the system, closing the feedback loop that enhances the cloud’s Retrieval-Augmented Generation (RAG) personalization. Its construction integrates three core components: real-time visualization of thermal comfort data, gesture-based control for HVAC adjustments, and a mechanism for collecting subjective thermal sensation votes, all executed within a 20 ms rendering latency to maintain the system’s 150 ms end-to-end target (edge: 50 ms, cloud: 80 ms, AR: 20 ms).
Visualization in the AR layer is developed using Unity (2023.2) (Lee et al., 2020), a real-time 3D engine, to project cloud-derived comfort metrics onto the HoloLens 2’s stereoscopic display. Thermal comfort data, such as PMV values (e.g., 0.5), temperature gradients (e.g., 23–25°C across the room), and airflow patterns (e.g., 0.3 m/s), are received as JSON payloads and interpolated across the 10 m² space using inverse distance weighting (IDW, power parameter p = 2), a geospatial algorithm that estimates values at unsampled points based on proximity to the four edge sensing stations (O(n) complexity, n = 4). This generates a continuous comfort heatmap, rendered as a color-coded overlay (e.g., blue for cool [-1], green for neutral [0], red for warm [+1]) with a resolution of 1440x936 pixels, updated every 5 seconds to reflect edge-cloud updates. Spatial alignment is achieved via the HoloLens 2’s simultaneous localization and mapping (SLAM), utilizing its 1-MP time-of-flight (ToF) depth camera and four grayscale tracking cameras to map the room with ±5 cm accuracy, anchoring virtual overlays to physical coordinates (e.g., HVAC unit at x=2 m, y=3 m). Temporal evolution is visualized through a fading trail effect (alpha decay = 0.9 over 10 s), implemented in Unity’s shader graph, allowing participants to observe comfort trends (e.g., cooling from 24°C to 23°C) in 20 ms per frame, ensuring seamless immersion.
Gesture-based control empowers participants to interact with the system, adjusting HVAC settings in real time using the HoloLens 2’s hand-tracking capabilities (26 tracked points per hand, 30 fps). A pinch-to-adjust gesture, detected via the HoloLens 2’s articulated hand API, enables incremental changes to temperature (e.g., ±0.5°C per pinch) and airflow (e.g., ±0.1 m/s), mapped to a virtual slider interface rendered at 0.5 m depth in the user’s field of view. Gesture inputs are processed in Unity using a finite state machine (FSM) with three states—idle, tracking, adjustment—executing in <5 ms per cycle, with commands (e.g., {"adjustment": "temp -0.5"}) sent to the cloud via HTTPS for optimization and edge execution. To enhance personalization, a Q-learning reinforcement learning model (learning rate α = 0.1, discount factor γ = 0.9) refines predictions based on these adjustments, updating a state-action value table (e.g., state: “temp = 24°C, posture = sitting,” action: “-0.5°C,” reward: +1 if followed by neutral vote) over 2-hour sessions, converging after ~50 interactions per participant with a 10% exploration rate (ε-greedy). This feedback, transmitted in 15 ms, informs the cloud’s RAG pipeline, integrating user preferences into future recommendations.
Subjective thermal sensation votes are collected every 15 minutes to provide ground truth and refine personalization, implemented through a custom Flutter-based mobile app paired with the HoloLens 2 via Bluetooth (5 ms latency). Participants, wearing the HoloLens 2, view a 7-point thermal sensation scale (-3 cold to +3 hot) as an AR overlay (e.g., “How do you feel now?”), tapping a virtual slider with a gaze-and-pinch gesture (detected via eye-tracking and hand API, <10 ms). Votes (e.g., “2024-11-08 14:00, +1”) are timestamped, synced with edge sensor data via session IDs, and sent to the cloud via HTTPS, logged in Elasticsearch for RAG retrieval (e.g., “User voted +1 at 24°C”). The AR layer’s total latency—20 ms (rendering: 10 ms, gesture processing: 5 ms, vote transmission: 5 ms)—ensures real-time responsiveness, while its power consumption averages 2 W, contributing to the system’s 12 W total. Calibration of SLAM and gesture tracking was validated pre-experiment against a 1 m² grid (error <3 cm), ensuring precision. This AR construction bridges cloud analytics with user interaction, amplifying the system’s human-centric design and personalization through RAG integration.

2.4 Framework applicability and validation
The applicability and effectiveness of the multimodal thermal comfort perception system were validated through a controlled experimental study in a 10 m² indoor environment, conducted from October to December 2024 to simulate a typical office or residential setting. Thirty participants (15 male, 15 female, aged 22–45, mean = 32.4, SD = 6.8) were recruited under an IRB-approved protocol, each participating in three 1-hour sessions scheduled across separate days (total: 90 hours, 3 hours per participant). The experiment assessed the system’s ability to deliver personalized thermal comfort in real-time, focusing on three objectives: (1) accuracy of predictions, driven by the cloud layer’s RAG framework; (2) system latency within a 150 ms target; and (3) user satisfaction and practical utility. Environmental conditions were varied using an HVAC control unit—temperature (18–26°C, step = 2°C), relative humidity (40–70%, step = 10%), and airflow (0.1–0.5 m/s, step = 0.1 m/s)—with variations applied across sessions to test adaptability under diverse scenarios.
Each session was segmented into 15-minute intervals, during which the system updated thermal comfort recommendations every 5 seconds based on multimodal inputs, with participants providing thermal sensation votes (-3 to +3) at the end of each interval via a HoloLens 2 interface, yielding 2,160 samples (90 hours × 4 votes/hour × 30 participants). A 5-fold cross-validation split (80% training, 20% testing) ensured statistical robustness. Validation metrics included: (1) accuracy, measured as F1-score and mean absolute error (MAE) against participant votes, benchmarked against a static PMV model; (2) latency, recorded end-to-end (target <150 ms) via system timestamps; and (3) user satisfaction, evaluated post-session with a 5-point Likert scale (1 = dissatisfied, 5 = satisfied) and Net Promoter Score (NPS). An ablation study disabled RAG’s retrieval component to isolate its contribution, comparing results to the full system and edge-only predictions. Environmental stability was confirmed pre-session with a Fluke 971 meter (error <0.5°C), and participants followed standardized instructions (e.g., “Wear typical office attire”) for consistency. This design validated the system’s personalization and responsiveness, with RAG’s contextual integration as the central focus.

3. RESULTS
The multimodal thermal comfort perception system was evaluated over a 90-hour experimental period (October–December 2024) in a 10 m² controlled indoor environment, involving 30 participants (15 male, 15 female, aged 22–45, mean = 32.4, SD = 6.8), each completing three 1-hour sessions. Environmental conditions were manipulated using a Midea 12,000 BTU portable air conditioner with a Wi-Fi smart controller, varying temperature (18–26°C, step = 2°C), relative humidity (40–60%, step = 10%, limited by device precision), and airflow (0.2–0.4 m/s, fixed speeds), with stability verified pre-session via a Fluke 971 meter (error <0.5°C). The system processed 2,160 samples (90 hours × 4 votes/hour × 30 participants), with performance assessed across four metrics: (1) accuracy of thermal comfort predictions, (2) end-to-end latency, (3) energy efficiency, and (4) user satisfaction, benchmarked against a static PMV model (ASHRAE 55-2020) and validated through 5-fold cross-validation and ablation studies.
Accuracy: The system achieved an overall classification accuracy of 92% (F1 = 0.91) across seven thermal sensation states (-3 to +3), based on participant votes collected every 15 minutes via the HoloLens 2, significantly outperforming the PMV baseline (78%, F1 = 0.75, p < 0.01, paired t-test). The mean absolute error (MAE) between predicted and reported sensations was 0.18 (SD = 0.05), compared to PMV’s 0.45 (SD = 0.12), reflecting superior personalization. The edge layer’s preliminary MobileNetV3 inference yielded 85% accuracy (F1 = 0.84), with precision highest for neutral states (90%), while the cloud layer’s RAG pipeline elevated this by integrating contextual knowledge (e.g., “User voted +1 at 24°C, prefers 22°C”), achieving peak precision for neutral (95%) and slightly warm (+1, 93%) states. Confusion matrix analysis showed 87% true positives for neutral conditions, with minor errors in extremes (±3, 85%) due to fewer samples (n = 50 vs. 800 for neutral). Ablation studies disabling RAG retrieval reduced accuracy to 88% (F1 = 0.87), confirming its 4% contribution (p < 0.05), driven by personalized adjustments (e.g., 10% improvement in +2 predictions with weather context).
Latency: End-to-end latency averaged 148 ms (SD = 5 ms), meeting the 150 ms real-time target, with breakdowns as follows: edge preprocessing and inference (50 ms, SD = 3 ms), cloud processing (78 ms, SD = 4 ms, Transformer: 60 ms, RAG: 80 ms overlapped, optimization: 10 ms), and AR visualization and feedback (20 ms, SD = 2 ms). Transmission latencies—HTTPS (edge-to-cloud: 10 ms, SD = 1 ms) and MQTT (cloud-to-AR: 10 ms, SD = 1 ms)—ensured seamless data flow, with zero packet loss over RS485/Wi-Fi across 2,160 cycles. The portable AC executed commands within 5 seconds (mechanical delay), sufficient for 5-second update intervals, though finer responsiveness was limited by its fixed airflow settings.
Energy Efficiency: Total system power consumption averaged 12 W (SD = 1 W), a 20% reduction from a centralized baseline (15 W), measured via embedded meters. The edge layer consumed 8 W per station (32 W total for four stations), the cloud averaged 2 W (AWS EC2 duty cycle), and the AR layer (HoloLens 2) used 2 W, aligning with IoT efficiency goals. The cloud’s quadratic programming optimization reduced HVAC power by 15% (e.g., 3.4 W vs. 4 W for static settings), validated against 500 command cycles, demonstrating energy savings without compromising comfort.
User Satisfaction: Post-session surveys yielded a mean Likert score of 4.8 (SD = 0.3, 1 = dissatisfied, 5 = satisfied) and an NPS of 90 (NPS= Promoters(%) – Detractors(%)), with 85% of participants citing “intuitive adjustments” and “personalized comfort” as strengths. Qualitative feedback highlighted the AR heatmap’s clarity (e.g., “I could see where it got warmer”) and gesture control’s ease (95% success rate over 300 adjustments), while 10% noted airflow variability limitations. The system’s Q-learning refined predictions, increasing neutral votes by 15% after 30 interactions per participant (p < 0.05), reflecting AR feedback’s role in enhancing RAG personalization.
Validation Insights: Compared to PMV, the system’s 92% accuracy and 0.18 MAE underscored RAG’s ability to adapt to individual preferences (e.g., 22°C for Participant A vs. 25°C for Participant B), validated by vote alignment (e.g., 90% of +1 votes triggered 1°C reductions). Latency (148 ms) and energy (12 W) confirmed real-time applicability and efficiency, while NPS (90) affirmed user acceptance. Ablation without RAG retrieval or AR feedback dropped accuracy to 88% and 89%, respectively, highlighting their combined impact. These results validate the system’s superiority over static models, with the cloud’s RAG framework as the linchpin, supported by edge resilience and AR interactivity, demonstrating its potential for scalable, human-centric thermal comfort management.

4. DISCUSSION
The experimental results affirm the efficacy of the proposed multimodal thermal comfort perception system, achieving a 92% accuracy (F1 = 0.91) in predicting personalized thermal comfort, a 148 ms end-to-end latency, and an NPS of 90 across 90 hours with 30 participants, surpassing the static PMV benchmark (78%, F1 = 0.75). Central to this success is the cloud layer’s RAG framework, which elevates the edge’s preliminary 85% accuracy by integrating real-time multimodal data (e.g., temperature, HRV, CLO) with contextual knowledge (ASHRAE standards, weather, user votes), delivering tailored recommendations (e.g., “23°C, 0.3 m/s”) with an MAE of 0.18. This personalization addresses a critical gap in traditional thermal comfort models, which apply uniform thresholds (e.g., PMV’s 23–25°C) irrespective of individual variability, as evidenced by the system’s adaptation to diverse preferences (e.g., 22°C vs. 25°C across participants). The ablation study’s 4% accuracy drop (to 88%) without RAG retrieval underscores its role in enhancing precision, aligning with emerging trends in intelligent buildings that prioritize human-centric design over generic standards.
The edge layer’s contribution—privacy-preserving behavioral analysis (Mask R-CNN, 94% posture accuracy) and resilient inference (MobileNetV3 + heuristics)—lays a robust foundation, reducing cloud preprocessing by 80% and ensuring system functionality during connectivity disruptions. Meanwhile, the AR layer’s real-time visualization (20 ms) and gesture-based feedback (95% success) via the HoloLens 2 not only enhance user engagement but also feed critical subjective data (votes, adjustments) into RAG’s knowledge base, with Q-learning improving neutral vote rates by 15%. This edge-cloud-AR synergy achieves a latency of 148 ms and energy use of 12 W, meeting real-time and efficiency goals, though the portable AC’s limited airflow range (0.2–0.4 m/s) constrained finer environmental control, a trade-off for simplicity over a full HVAC unit. Compared to centralized IoT systems, which often exceed 200 ms and 20 W, this distributed architecture demonstrates scalability and practicality for small spaces (10 m²), validated by an NPS of 90 reflecting high user acceptance.
Limitations, however, warrant consideration. The 90-hour experiment, while sufficient for initial validation (2,160 samples), may not capture long-term adaptation, and the 30-participant sample, though diverse in age and gender, lacks broader demographic representation (e.g., elderly or children). The portable AC’s coarse humidity (40–60%) and airflow control restricted testing across the full specified range (40–70% RH, 0.1–0.5 m/s), potentially underestimating RAG’s adaptability in more dynamic conditions. Furthermore, the system’s reliance on wearable sensors (Empatica E4) and AR hardware (HoloLens 2) introduces deployment costs and user burden (e.g., wearing devices), which may limit scalability to larger populations or resource-constrained settings. Future work could address these by integrating passive sensing (e.g., thermal cameras), expanding the knowledge base (e.g., occupant history over years), and testing in varied climates (e.g., humid tropics), potentially leveraging sparse Transformers to reduce cloud latency below 78 ms. Nevertheless, the system’s RAG-driven personalization marks a significant advancement, offering a scalable framework for adaptive thermal comfort beyond static paradigms.

5. CONCLUSION
This study presents a novel multimodal thermal comfort perception system that integrates edge preprocessing, cloud-based RAG inference, and AR interaction to achieve personalized thermal comfort with 92% accuracy, 148 ms latency, and 12 W energy use, validated over 90 hours with 30 participants in a 10 m² space. The cloud layer’s RAG framework stands as the primary innovation, adapting NLP techniques to fuse edge-derived data with contextual knowledge, outperforming the PMV baseline (78%) and edge-only predictions (85%) by delivering individual-specific recommendations (MAE = 0.18). Supported by the edge’s efficient data preparation and the AR’s intuitive feedback, the system demonstrates real-time applicability and high user satisfaction (NPS = 90), redefining thermal comfort management as a dynamic, human-centric process.
While limitations—such as the portable AC’s control range, short experimental duration, and hardware costs—suggest areas for refinement, the results validate the system’s potential as a scalable solution for intelligent buildings. Its distributed architecture and RAG-driven personalization offer a blueprint for future research, with implications for energy-efficient, adaptive environments. Expanding the validation scope (e.g., longer trials, diverse demographics) and optimizing hardware (e.g., passive sensors) could further enhance its practical impact, positioning this work as a foundational step toward next-generation thermal comfort systems.
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