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ABSTRACT 
Digital Twin (DT) technologies enable real-time monitoring, simulation, and control of building systems, yet their application to kinetic facades, adaptive envelopes that respond dynamically to environmental conditions, remains fragmented. This conceptual paper presents a structured review and a proposed framework for the digital twinning of kinetic facades. Drawing on a semi-systematic review of five literature domains (building DTs, kinetic facades, adaptive-envelope control, human-in-the-loop control, and comfort sensing with edge computing), it organises the parameters required for a kinetic facade DT into outdoor, indoor and occupant layers and examines the digital ecosystem needed to operationalise such a system: BIM-referenced DTs, IoT sensing, edge computing, and real-time daylight simulation with an explicit simulation-calibration loop. On this basis it proposes a Human-in-the-Loop Digital Twin (HITL-DT) framework in which a Human State Engine infers occupant cognitive-affective state from non-intrusive sensing and a neuroadaptive controller uses that state, with environmental inputs, to generate facade commands. The contribution is explicitly conceptual: the framework’s central propositions, that occupant state can be inferred from non-contact sensing with usable confidence and that state-dependent facade configurations improve occupant outcomes, are stated as testable hypotheses with their supporting and limiting evidence, and a staged validation strategy is outlined. The framework positions kinetic facades as occupant-aware, continuously learning envelopes that balance energy performance, environmental responsiveness, and human comfort.

1. INTRODUCTION
The Architecture, Engineering, and Construction (AEC) industry is undergoing a fundamental transformation through the integration of Digital Twin (DT) technologies. By creating dynamic, real-time virtual replicas of physical assets that are continuously synchronised with their physical counterparts, digital twins enable monitoring, simulation, and predictive management of building systems throughout their operational lifecycle (Deng et al., 2021; Su et al., 2024). As smart building infrastructure matures, incorporating heterogeneous IoT sensor networks, edge computing nodes, and BIM-referenced data environments, the potential for DTs to drive adaptive, occupant-aware building operations has grown substantially (Eneyew et al., 2022; Revolti et al., 2024). Within this landscape, the architectural envelope, the primary mediator of energy and environmental exchange between interior and climate, has received comparatively little attention as a DT-integrated, dynamically controlled component.
Kinetic facades represent a compelling frontier for this integration. These adaptive building skins modify their geometry, porosity, or optical properties in response to environmental stimuli, offering module-level control over solar gain, daylighting quality, and visual comfort (Formentini and Lenci, 2018; Hosseini et al., 2019; Wagiri et al., 2024). Despite concurrent advances in digital twin architectures, kinetic facade engineering, and building control systems, their integration into a coherent, operationally grounded cyber-physical framework remains largely unexplored (Brzezicki, 2024; Miraj et al., 2025).
A deeper gap concerns how the occupant is modelled in facade control. Existing systems treat occupant wellbeing as a proxy of environmental measurements (illuminance thresholds, temperature setpoints, CO₂ limits), without capturing the cognitive and affective dimensions of occupant experience that the luminous and thermal environment shapes (Kim et al., 2018; Yang et al., 2022). Daylight exposure in offices has been linked to sleep quality, mood and alertness (Boubekri et al., 2014), and controlled experiments by the authors indicate that, at constant workplane illuminance, the daylight–artificial composition of the luminous environment modulates autonomic and cortical responses and cognitive performance, with daylight-dominant conditions yielding more balanced autonomic regulation and higher cognitive performance (Rehman, Chani and Elangovan, 2026; Rehman et al., 2025). Cognitive states such as stress, mental fatigue and boredom therefore both influence and are influenced by the luminous environment; yet, to the authors’ knowledge, no kinetic facade control system uses real-time occupant cognitive state as a control variable. Human-in-the-loop (HITL) building control has demonstrated the value of direct occupant feedback for HVAC optimisation (Liang et al., 2025; Wang et al., 2025), but the paradigm has not been extended to kinetic facades.
This paper addresses this gap by proposing a Human-in-the-Loop Digital Twin (HITL-DT) framework for kinetic facade control: a cyber-physical architecture in which the digital twin is the predictive and calibrating computational backbone, integrating BIM geometry, multi-layer IoT sensing, and a Human State Engine (HSE) that synthesises occupant cognitive-affective state from one or more sensing modalities. The contribution is conceptual: the framework is proposed, not empirically validated, and no quantitative results are reported. The paper should therefore be read as a position paper whose value lies in (i) a structured synthesis of five previously disconnected literature domains, (ii) an integrated architecture with an explicit three-layer parameter model and simulation-calibration loop, (iii) a taxonomy of occupant-sensing mechanisms with a pragmatic non-intrusive configuration, and (iv) explicitly stated, testable propositions about occupant-state inference and state-dependent facade control, with the validation strategy (Section 4.3) by which they will be examined. Performance figures quoted in the paper are design targets with their rationale, not measured results, unless identified otherwise.

2. LITERATURE REVIEW 
2.1 Review Approach
The review follows a semi-systematic approach suited to synthesising heterogeneous work across disciplinary boundaries (Snyder, 2019). Five domains were defined a priori from the requirements of the intended framework: building digital twins and BIM-to-DT integration; kinetic facade design and control; control strategies for adaptive envelopes; human-in-the-loop building control; and occupant comfort sensing and edge computing. Peer-reviewed journal and conference literature was searched in Scopus and Web of Science using search strings that paired each domain’s core concepts (e.g., “digital twin” with “facade” or “envelope”; “human-in-the-loop” with “building control”), supplemented by citation tracking from key reviews. Work from 2016–2026 was prioritised, with emphasis on the last five years; preprints were admitted only where they were the sole available treatment of a directly relevant method and are identified as such in the reference list. Sources were screened for direct relevance to a domain and for a building-operation or facade-control context; purely structural or material-science treatments and construction-phase DTs were excluded. Thirty-eight domain sources were retained and synthesised thematically (Sections 2.2–2.6), and Section 2.7 consolidates the gaps identified. The review is not exhaustive; its purpose is to ground the framework, not to estimate effects.
2.2 Digital Twins in Building Operations
Digital twin adoption in AEC has accelerated through the establishment of BIM-to-DT integration pathways that preserve the geometric and semantic content of building information models while adding real-time operational data streams (Deng et al., 2021; Revolti et al., 2024). Contemporary frameworks integrate heterogeneous IoT sensor networks with dynamic simulation engines to enable predictive maintenance, energy optimisation, and indoor environmental quality (IEQ) monitoring (Eneyew et al., 2022; Ma et al., 2025). Hadjidemetriou et al., (2023) proposed a real-time, high-granularity DT architecture for smart buildings that integrates CFD-based simulation with live sensor feeds, and Kang and Mo, (2024) demonstrated a comprehensive building-monitoring DT framework emphasising real-time data connectivity and predictability between the physical and virtual realms. Energy efficiency and IEQ emerge consistently as primary performance objectives across building DT deployments (Cespedes-Cubides and Jradi, 2024; Iqbal and Mirzabeigi, 2025; Semeraro et al., 2025). However, existing building DTs overwhelmingly target HVAC and mechanical systems; the architectural facade as a DT-controlled adaptive element remains largely unaddressed.
2.3 Kinetic Facades: Design and Control
Kinetic facades encompass technologies from motorised louvre systems to morphologically complex surfaces actuated by shape memory alloys (Formentini and Lenci, 2018; Naeem et al., 2024). Multi-objective optimisation of aperture ratios and panel geometries has demonstrated significant potential to simultaneously improve daylight penetration, glare control, and energy performance (Kamalisarvestani and Ashayeri, 2025; Wagiri et al., 2024). Hosseini et al., (2019) showed that dynamic 2D and 3D facade configurations produce distinct visual comfort outcomes conditioned on occupant position. Biomimetic kinetic design principles have been explored as analogues for self-regulating facade behaviour under dynamic solar conditions (Brzezicki, 2024; Hosseini et al., 2024; Yunitsyna and Sulaj, 2025). Across this body of work, kinetic facades operate on pre-programmed schedules or environmental trigger rules, without incorporating occupant cognitive state as a dynamic control variable.
2.4 Control Strategies for Adaptive Building Envelopes
Intelligent control of adaptive envelopes has advanced through reinforcement learning (RL), model predictive control (MPC), and surrogate model-based optimisation (Liu et al., 2025; Wang et al., 2023). RL approaches demonstrate superior adaptability in non-stationary environments, while MPC offers structured optimisation over explicit prediction horizons. Smith and Lasch, (2016) established precedents for ML-based adaptive envelope control through an intelligent adaptive control framework integrating passive and active conditioning, and Zeng et al., (2022) proposed a bi-level optimisation framework balancing energy and comfort objectives using computationally efficient models. Consistently across this literature, occupant comfort is defined in thermophysical terms (temperature, humidity, and illuminance), with cognitive and affective state dimensions absent from the control objective.
2.5 Human-in-the-Loop Building Control
The HITL paradigm has entered building control through HVAC optimisation applications. Liang et al., (2025) demonstrated that HITL AI agents integrating real-time occupant preference signals into HVAC scheduling achieve significant reductions in energy consumption and thermal discomfort incidents. Sawada et al., (2025) proposed the Office-in-the-Loop concept, an agentic AI architecture in which building systems negotiate environmental conditions with occupants through natural language interfaces. Wang et al., (2025) developed a real-time preference optimisation controller converging to personalised setpoints using pairwise occupant feedback. Yang et al., (2022) provided a comprehensive review of occupant information modalities for HVAC occupant-centric control, identifying physiological sensing as an underexplored but high-value data channel. Liu and Gou, (2024) validated RL-based occupant-centric HVAC and window control to simultaneously improve comfort and achieve energy savings. These works collectively establish the viability of HITL architectures, yet none extend the paradigm to kinetic facade control.
2.6 Occupant Comfort Sensing and Edge Computing
Personal comfort models by Kim et al., (2018) established that individual thermal preferences deviate substantially from population-mean standards, motivating personalised occupant-centric control. Almadhor et al., (2025) demonstrated a DT-integrated deep learning framework for personalised thermal comfort prediction. Machine learning for wearable sensors enables real-time analysis of physiological signals (Xiao et al., 2024), and federated learning addresses data privacy in multi-occupant deployments (Avci, 2025). Non-contact physiological sensing, particularly facial thermography, complements wearables: nasal-tip, periorbital and forehead temperatures respond to sympathetic activation and have been used to estimate stress and cognitive load without instrument burden (Ioannou et al., 2014; Abdelrahman et al., 2017), and the authors have demonstrated thermal-only facial classification of occupant stress and boredom for building control (Rehman, Chani, Elangovan, et al., 2026). Pupil diameter and blink dynamics index cognitive effort and drowsiness (van der Wel and van Steenbergen, 2018), and elevated indoor CO₂ is associated with reduced decision-making performance (Satish et al., 2012; Allen et al., 2016). The same literature documents important limits: thermal signatures are confounded by ambient temperature, air movement and head pose; pupil diameter responds strongly to luminance, the very variable a facade controller manipulates; and affect-recognition models generalise poorly across individuals (Ioannou et al., 2014; Schmidt et al., 2019). Real-time discrimination of several cognitive-affective states from non-contact sensing in an operational building therefore remains an open research problem. Edge computing architectures enable low-latency building control by processing sensor data locally before cloud synchronisation (Huang et al., 2025; Lee and Han, 2025; Rojek et al., 2026).
2.7 Identified Research Gap
A structured synthesis of the five literature domains above reveals a convergent, currently unaddressed gap: no existing work integrates (i) a kinetic facade as the DT-controlled adaptive building element, (ii) a multi-modal occupant cognitive-affective state feedback channel, and (iii) a neuroadaptive control logic that maps detected human states to facade position commands within a BIM-referenced, edge-computed digital twin architecture. The HITL-DT framework addresses this gap at the conceptual level. The review also shows that the occupant-state inference on which the framework depends is itself an active research frontier, which shapes how the framework’s claims are stated in Sections 3 and 4.

3. THE HITL-DT FRAMEWORK
3.1 Framework Overview
The HITL-DT framework positions the digital twin not as a passive monitoring layer but as the active computational backbone mediating between the physical kinetic facade, the multi-sensor building environment, and the occupant’s cognitive-affective state. Five integrated components constitute the framework (Figure 1): (1) the physical kinetic facade layer, (2) a three-layer environmental parameter model, (3) the Human State Engine (HSE), (4) the digital twin platform with a simulation-calibration loop, and (5) the neuroadaptive control logic. The framework is technology-agnostic at the occupant sensing layer: occupant feedback can be implemented using any one or a combination of the mechanisms in Table 2, selected according to the deployment context and available technologies.
Figure 1: Architecture of the proposed HITL-DT framework

3.2 Outdoor Parameter Layer
The outdoor layer acquires solar position (azimuth and altitude) from a real-time sun path algorithm parameterised by geographic coordinates and UTC time. A weather station records ambient temperature, relative humidity, wind speed and direction, and global horizontal irradiance (GHI). Where kinetic modules are individually actuated, an inertial measurement unit (IMU) on each module reports actual panel orientation, enabling closed-loop position verification; the 10 Hz IMU rate is a design choice that resolves module rotation to about 1° at up to 10°/s, covering typical motorised louvre dynamics. These outdoor parameters drive the baseline solar tracking logic of the kinetic facade and provide boundary conditions for the DT simulation engine (Table 1).
Table 1: Three-layer parameter model of the HITL-DT framework
	Layer
	Sensors / Inputs
	Parameters
	DT Data Type

	Outdoor
	Sun path algorithm
Weather station (T, RH, GHI, wind)
IMU (per-module)
GPS / NTP time
	Solar azimuth & altitude
Irradiance, ambient T & RH
Actual panel orientation
UTC timestamp
	Continuous scalars
Continuous scalars
Continuous angles
Discrete

	Indoor
	Distributed lux array
Spectral sensor
Thermal / humidity sensor
Occupant position
	UDI (300–3,000 lux), DGP
Melanopic EDI (mEDI)
Operative temperature
Occupied zone centroid
	Continuous scalars
Continuous scalars
Continuous scalars
2D coordinates

	Occupant
	(See Table 2 taxonomy)
Synthesised by Human State Engine
	Human State classification
Comfort preference (explicit)
	Categorical (6 states)
Ordinal / Boolean


3.3 Indoor Parameter Layer
The indoor layer characterises the luminous and thermal environment of the occupied space. A distributed lux sensor array continuously measures point illuminance. Useful Daylight Illuminance (UDI; 300–3,000 lux) (Nabil and Mardaljevic, 2006) and Daylight Glare Probability (DGP) (Wienold and Christoffersen, 2006) are computed from sensor readings and occupant position, the latter through the simplified vertical-eye-illuminance formulation in the absence of a luminance camera. A spectral sensor measures melanopic equivalent daylight illuminance (mEDI), enabling circadian-effective control against current daytime exposure recommendations (Brown et al., 2022). Temperature and humidity sensors characterise the thermal micro-environment at the occupant level. These parameters are continuously fed into the DT simulation engine and compared against predicted values to calibrate the virtual model.
3.4 Occupant Feedback Layer: Taxonomy and Recommended Configuration
The occupant layer is the defining innovation of the HITL-DT architecture. Rather than inferring occupant state solely from environmental measurements, the framework explicitly incorporates signals from occupant physiological, behavioural, and expressed-preference channels. Table 2 presents a taxonomy of available occupant feedback mechanisms, organised by sensing mode, intrusiveness, the range of cognitive-affective states addressable, and suitability context.
For standard office environments or climate-controlled research facilities, the framework recommends a pragmatic non-intrusive configuration combining five mechanisms: (1) a wall- or monitor-mounted LWIR thermal camera for non-contact facial thermography, capturing nasal-tip and periorbital temperature patterns associated with sympathetic activation; (2) a desktop-integrated eye tracker (e.g., a monitor-embedded Tobii-class device) providing pupil diameter, fixation duration, saccade rate, and blink frequency without worn equipment; (3) a CO₂ sensor as a metabolic and ventilation proxy associated with reduced cognitive performance at elevated concentrations (Satish et al., 2012; Allen et al., 2016); (4) a PIR or depth camera for presence detection, occupancy count, and posture inference; and (5) an optional touchscreen panel for explicit override and preference input. The configuration requires no wearables or physical contact, and all components are commercially available and integrable with standard IoT middleware.
The Human State Engine (HSE) synthesises these signals into a classification of occupant cognitive-affective state. Six categories form the working taxonomy: Comfort, Focus, Stress, Boredom, Fatigue/Drowsiness, and Arousal/Alertness. Feature vectors from the thermal camera (facial region temperatures and their dynamics), eye tracker (oculometric features) and environmental proxies (CO₂, lux) are processed by a supervised classifier (Random Forest, Support Vector Machine or lightweight neural network, depending on the labelled data available). Reliable real-time discrimination of all six states from non-contact sensing has not been demonstrated, by the authors or others, and is treated here as a hypothesis to be tested (Section 4.3). The evidence in Section 2.6 supports stress/arousal detection from thermography and drowsiness detection from oculometrics with moderate confidence in laboratory settings; boredom and focus are harder to separate from neutral states, and cross-subject generalisation is a known weakness. The HSE therefore outputs a state probability vector with an explicit confidence term: below a confidence threshold the controller reverts to IEQ-only control, and explicit occupant feedback (Scenario II, Section 4.1) serves as both override and source of ground-truth labels for recalibration. Because pupil diameter responds to the very luminous environment the facade modulates, oculometric features are normalised against concurrently measured illuminance at the eye.
Table 2: Taxonomy of occupant feedback mechanisms for the HITL-DT framework
	Mechanism
	Mode
	Intrusiveness
	Human States Addressable
	Context Suitability

	Non-Intrusive / Ambient Sensing

	LWIR thermal camera
	Physiological
	None
	Stress, Arousal, Fatigue, Comfort
	Office, climate chamber

	Desktop eye-tracker (monitor-integrated)
	Behavioural
	Minimal
	Focus, Fatigue, Boredom
	Office, individual workstation

	PIR / depth camera
	Behavioural
	None
	Presence, Activity level, Posture
	Any occupied space

	CO2 sensor
	Environmental proxy
	None
	Cognitive performance (indirect)
	Any enclosed space

	Acoustic / noise sensor
	Environmental proxy
	None
	Distraction, Stress (indirect)
	Open-plan office

	Computer interaction analytics
	Behavioural inference
	None
	Cognitive engagement, Fatigue
	Office (PC-based work)

	Wearable / Semi-Intrusive Sensing

	HRV wearable (chest / wrist)
	Physiological
	Moderate
	Stress, Cognitive load, Fatigue
	Research, premium office

	EEG headband
	Neurophysiological
	High
	Attention, Engagement, Fatigue
	Research / lab settings

	Galvanic skin response (GSR)
	Physiological
	High
	Arousal, Stress
	Research / lab settings

	Smartwatch
	Physiological
	Low
	HR, Activity, Skin temp
	Flexible deployment

	Explicit / Active Feedback

	Touchscreen panel / kiosk
	Active input
	None (voluntary)
	Stated preference, Override
	Lobby, workstation

	Mobile / BMS app
	Active input
	None (voluntary)
	Stated preference, Satisfaction
	Any space with smartphones

	Voice interface
	Active input
	None (voluntary)
	Explicit verbal feedback
	Smart building environments


3.5 Digital Twin Platform Architecture
A defining characteristic of a Digital Twin, as opposed to a conventional IoT monitoring system, is bidirectional synchronisation between the physical asset and its virtual counterpart: the virtual model predicts physical states, and sensor data continuously calibrates it. The HITL-DT architecture implements this through four functional layers, for which Table 3 summarises the representative platform landscape.
BIM Backbone: Platforms such as Autodesk Revit, Autodesk Forma, or Bentley iTwin provide the geometric and semantic building model, encoding facade module geometry, spatial relationships, material properties, and sensor locations. It is the persistent data anchor against which all DT operations are referenced and the source of the facade geometry used in daylight simulation.
Real-Time Virtual Model: A live 3D representation is maintained in a real-time game engine or DT platform such as Unity Reflect, NVIDIA Omniverse, or Azure Digital Twins, synchronising the geometric state of each kinetic module with physical sensor feedback. For facades with many independently actuated modules this synchronisation is computationally non-trivial and is a key DT infrastructure requirement.
Simulation and Calibration Engine: A lightweight daylight model (Radiance, Ladybug Tools or OpenStudio) embedded at the edge gateway predicts UDI, DGP and mEDI for candidate facade configurations, enabling look-ahead control. The design target is a turnaround of at most 3 s per candidate, so that several candidates can be evaluated within the actuation cadence of louvre-type facades (tens of seconds). Meeting this on a single-board computer relies on matrix-based daylight-coefficient methods, in which facade-state-dependent transmission matrices are precomputed offline from the BIM geometry and run-time evaluation reduces to matrix products (Ward et al., 2011), rather than full ray tracing at every time step; whether the target is met is to be established in validation (Section 4.3). Predicted values are continuously compared with sensor readings; when residuals exceed a threshold, simulation parameters (surface reflectance, obstruction geometry, sky model coefficients) are adjusted. This calibration loop is the core cyber-physical coupling that distinguishes the HITL-DT from a rule-based IoT control system.
IoT Data Management: Cloud platforms such as Azure Digital Twins, AWS IoT TwinMaker, or open-source equivalents (ThingsBoard, Node-RED) manage sensor ingestion, time-series storage, DT graph relationships, and asynchronous update propagation. MQTT brokers route data from module-level edge nodes (microcontrollers) to a room-level gateway (single-board computer), where the HSE and control logic execute, and onward to the cloud for logging and long-term learning.
Table 3: Representative platform landscape for each layer of the HITL-DT architecture
	DT Layer
	Example Platforms
	Primary Function
	Deployment Level

	BIM Backbone
	Autodesk Revit / Forma, Bentley iTwin, ArchiCAD
	Geometric & semantic building model
	Cloud / local BIM server

	Real-Time Virtual Model
	Unity Reflect, NVIDIA Omniverse, Unreal Engine
	Live 3D synchronisation, visualisation
	Edge gateway / cloud render

	Simulation Engine
	Radiance, Ladybug Tools, OpenStudio, EnergyPlus
	Daylight / energy prediction & calibration
	Edge gateway (real-time)

	IoT Data Management
	Azure Digital Twins, AWS IoT TwinMaker, ThingsBoard, Node-RED
	Sensor ingestion, time-series storage, DT graph
	Cloud + edge

	Human State Engine
	Python / TensorFlow Lite (edge-deployed), scikit-learn
	Occupant state classification from multi-modal inputs
	Edge gateway (low latency)


3.6 Neuroadaptive Control Logic
Facade position commands are generated by a neuroadaptive controller that maps the tri-variate input space, Indoor IEQ State, Detected Human State, and Outdoor Conditions, to azimuth-altitude command pairs for each facade row. Three control paradigms are applicable. Fuzzy Logic inference offers interpretability and deterministic behaviour without training data, mapping detected states to facade objectives through rule-based membership functions. Model Predictive Control uses the DT simulation engine’s predictive capability to optimise facade trajectories over a rolling horizon, balancing energy and comfort objectives under IEQ constraints. Reinforcement Learning lets the DT accumulate long-term occupant feedback and improve policy performance over time, with federated variants addressing multi-occupant privacy constraints (Avci, 2025). Fuzzy Logic is recommended for initial deployment; MPC or RL for buildings with sufficient operational history.
Table 4 states the hypothesised state-to-configuration mappings that seed the fuzzy rule base, with the assumption underlying each and an appraisal of the evidence. The mappings draw on the authors’ finding that daylight-dominant luminous compositions elicit more favourable autonomic and cortical states and higher cognitive performance than artificial-dominant lighting at equivalent illuminance (Rehman, Chani and Elangovan, 2026; Rehman et al., 2025), on consensus daytime melanopic exposure recommendations (Brown et al., 2022), and on the discomfort-glare literature (Wienold and Christoffersen, 2006). None has been tested in closed loop with a kinetic facade; all are hypotheses to be confirmed, revised or rejected under Section 4.3. Irrespective of detected state, IEQ constraints (DGP and UDI bounds) take precedence over state-driven objectives, and explicit occupant overrides take precedence over both.
Table 4: Hypothesised state-to-configuration mappings, underlying assumptions and evidence strength
	Detected state
	Facade objective (hypothesis)
	Underlying assumption
	Evidence strength

	Stress / high arousal
	Minimise DGP and luminance contrast; infrequent actuation
	Glare and contrast add visual load and sustain sympathetic arousal
	Moderate for glare–discomfort (validated DGP metric); indirect for glare–stress physiology

	Fatigue / drowsiness
	Maximise mEDI within UDI and DGP bounds
	Higher daytime melanopic stimulus raises alertness
	Moderate: robust in laboratory studies (Brown et al., 2022); untested for facade-mediated daylight

	Focus
	Hold stable high-UDI state; suppress non-essential actuation
	Facade motion and luminance fluctuation distract from the task
	Low to moderate: indirect, from the visual-comfort literature

	Boredom
	Moderated variation in daylight admission
	Under-stimulation is relieved by mild environmental variation
	Low: detection shown by the authors; no intervention evidence

	Comfort (neutral)
	Energy-optimal state within IEQ bounds
	No state-driven adjustment warranted
	Not applicable (default)



4. DISCUSSION
4.1 Implementation Scenarios and Trade-offs
Three implementation scenarios reflect increasing sensor complexity and state coverage. Scenario I (non-intrusive baseline) deploys the Section 3.4 configuration without occupant engagement or wearables and suits standard offices and climate-controlled chambers. It is hypothesised to support detection of stress/arousal and fatigue/drowsiness at usable confidence and of focus at lower confidence; this is the proposition that Stage 1 of the validation strategy (Section 4.3) tests. Scenario II (baseline plus explicit feedback) adds a touchscreen panel or mobile app, combining passive inference with active preference input; it improves acceptance and, critically, provides the ground-truth labels without which the HSE cannot be trained or audited. Scenario III (multi-modal wearable augmentation) adds HRV wearables, extending state coverage and confidence at the cost of occupant engagement, and suits research settings, chamber experiments and premium installations with consenting participants.
Across all scenarios, a central challenge is the synchronisation latency between facade actuation and the DT simulation-calibration loop; sub-second integration of position feedback into the virtual model requires reliable wireless communication and adequate edge capacity. As an order-of-magnitude budget, 50 modules reporting 10 Hz IMU updates generate 500 short MQTT messages per second (of the order of 50 kB/s), comfortably within the rates lightweight brokers sustain on single-board computers; the binding constraint on a Raspberry Pi 4-class gateway is expected to be the co-located simulation and HSE workload rather than message throughput. This estimate defines the room-scale envelope assumed here (up to about 50 modules per gateway), is to be confirmed by measurement (Section 4.3), and implies distributed gateways for larger deployments.
4.2 Relationship to Existing DT Frameworks
The HITL-DT framework extends existing building DT architectures in two directions. First, it introduces the kinetic facade as an actively DT-controlled element, rather than a static boundary condition in building energy or airflow simulation; the DT must maintain a geometric state model of each module at the 10 Hz IMU rate, far faster than the second-to-minute updates typical of HVAC-focused DTs. Second, it introduces occupant cognitive-affective state as a first-class input to the control objective, moving beyond the thermophysical comfort metrics that dominate existing occupant-centric control literature (Kim et al., 2018; Yang et al., 2022). This positions the HITL-DT as a neuroadaptive building system: one that responds not only to what the environment is doing to the occupant, but to what the occupant’s cognitive state is doing to their capacity for productive work.
4.3 Validation Strategy
Validation is staged so that each proposition is tested at increasing realism, using a room-scale prototype facade under instantiation at IIT Roorkee for Stages 1 and 2. Stage 1 (laboratory) validates components independently of the facade. For the HSE, participants (target n ≥ 20) complete standardised blocks designed to induce the target states, e.g., time-pressured n-back or Stroop tasks (stress, cognitive load), low-demand vigilance tasks (boredom) and post-lunch sessions (fatigue), under fixed luminous conditions while thermal, oculometric and CO₂ features are recorded; ground truth combines validated self-report (NASA-TLX, Karolinska Sleepiness Scale, state-anxiety items) with heart-rate variability. Performance is reported per state under leave-one-subject-out cross-validation so that cross-subject generalisation is measured rather than assumed. In parallel, edge simulation predictions are benchmarked against a full-resolution Radiance reference and measured illuminance, and edge-simulation turnaround, wireless delivery ratio and closed-loop cycle time are measured against their design targets. Stage 2 (climate chamber) tests the Table 4 mappings in closed loop: in a within-subject crossover design, occupants work under the HITL-DT controller and under a rule-based solar-tracking baseline on separate, counterbalanced days. Outcomes are physical (UDI, DGP, mEDI time series), physiological (heart-rate variability, pupillometry), performance-based (cognitive task scores) and subjective (comfort, glare and alertness ratings; override frequency); a mapping is retained only if it improves its targeted outcome relative to baseline without violating IEQ constraints. Stage 3 (field pilot) deploys Scenario II in an occupied office for several weeks to assess acceptance, override behaviour, HSE drift and recalibration needs, energy use relative to baseline, and multi-occupant state conflicts. Ethical approval, informed consent and on-device feature extraction without storage of thermal or eye images are prerequisites for all stages.
4.4 Limitations and Future Directions
Several limitations warrant emphasis. First, the framework is conceptual and unvalidated; its propositions on occupant-state inference and state-dependent control remain hypotheses until the programme of Section 4.3 has been executed. Second, the sensing evidence behind the HSE taxonomy (Table 2) was largely developed in laboratories; performance across mechanisms, demographics, eyewear, skin tone and ambient conditions is unestablished, and a partially observable subset of states may be the realistic outcome. Third, multi-occupant spaces require conflict-resolution logic not addressed here; federated learning, as in Avci (2025), offers a pathway to per-occupant HSE models without centralised data aggregation. Fourth, continuous thermal and gaze sensing raises privacy and consent issues that on-device feature extraction and explicit opt-in mitigate but do not eliminate. Fifth, calibration-loop performance depends on facade geometric complexity and BIM model quality; degraded geometry introduces systematic simulation errors that the loop must compensate. Finally, integration with whole-building energy management for facade–HVAC co-optimisation remains a significant open opportunity.

5. CONCLUSION
This conceptual paper has presented a Human-in-the-Loop Digital Twin (HITL-DT) framework for kinetic facade control, positioning the digital twin as the computational backbone for occupant-aware adaptive envelopes. Grounded in a semi-systematic review of five literature domains, the framework integrates a three-layer parameter model (outdoor, indoor, occupant), a taxonomy of occupant feedback mechanisms with a practical non-intrusive configuration, a BIM-referenced DT architecture with an explicit simulation-calibration loop, and a neuroadaptive controller based on Fuzzy Logic, MPC or RL. Its contribution is the articulation of these elements into one architecture and the explicit statement of what that architecture assumes: that occupant cognitive-affective state can be inferred from non-contact sensing with usable confidence, and that state-conditioned facade configurations improve occupant outcomes. Both are presented as hypotheses with their supporting and limiting evidence and a staged validation strategy. Future work will execute the validation programme on the prototype under instantiation at IIT Roorkee, extend the framework to multi-occupant environments and federated HSE personalisation, and pursue facade–HVAC co-optimisation within whole-building digital twins.
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