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Abstract 

As global efforts intensify to reduce building energy consumption and carbon footprints, contemporary architectural 
design trends increasingly favor airtight construction and mechanical ventilation systems. While such strategies 
improve thermal efficiency, they also heighten the risk of trapping indoor pollutants, moisture, and bioaerosols, thereby 
compromising occupants’ health. This tension between sustainability and wellbeing is particularly acute in rapidly 
urbanizing regions where infrastructure, environmental monitoring, and building standards are inconsistent. Lagos 
provides a compelling case: widespread reliance on low-cost air conditioners, intermittent power supply, and diesel 
generators leads occupants to seal windows to retain cooled air and reduce noise and fumes. The result is a dynamic 
indoor air environment where pollutant concentrations fluctuate with energy use patterns, ventilation behaviors, and 
external fuel emissions. This study proposes a dynamic indoor air quality (IAQ) management framework that leverages 
real-time sensing, adaptive ventilation controls, and data-driven airflow modeling to maintain healthy indoor 
environments without undermining energy efficiency. The framework incorporates low-cost sensor networks to 
monitor temperature, humidity, particulate matter, volatile organic compounds, and carbon dioxide levels. Machine 
learning algorithms predict pollutant accumulation under varying occupancy and power conditions, triggering targeted 
ventilation cycles or filtration adjustments to reduce contaminant loads. This adaptive strategy supports intermittent 
power scenarios common in Lagos while minimizing unnecessary energy expenditure. By bridging environmental 
engineering, public health, and sustainability design, this approach demonstrates that energy-efficient buildings need 
not compromise occupant wellness. Instead, intelligent IAQ management offers a viable path toward resilient, healthy, 
and resource-conscious urban living. The findings contribute to sustainable development discourse by emphasizing that 
“green” buildings must actively protect the air their occupants breathe. 

Keywords: Indoor air quality; Energy-efficient buildings; Adaptive ventilation; Urban health; Low-cost sensors; 
Sustainable architecture 

1. Introduction

1.1. Background and Rationale 

The global focus on energy-efficient building design has intensified due to rising energy costs, environmental 
regulations, and the urgency of climate change mitigation. Architects and engineers increasingly pursue low-energy 
building envelopes, passive ventilation systems, and smart automation to minimize heating, cooling, and ventilation 
loads [1]. However, while such designs achieve substantial reductions in energy consumption, they often introduce a 
trade-off between energy conservation and indoor air quality (IAQ) [2]. 
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Tighter building envelopes and reduced natural ventilation can lead to the accumulation of indoor pollutants such as 
carbon dioxide (CO₂), volatile organic compounds (VOCs), and particulate matter, particularly in densely occupied or 
poorly ventilated spaces [3]. This deterioration in IAQ is linked to a range of adverse health effects, including headaches, 
fatigue, respiratory irritation, and long-term cardiovascular risks [4]. 

As building designs become more airtight to improve energy performance, the natural dilution of indoor contaminants 
is limited, increasing dependence on mechanical ventilation systems. While mechanical systems offer precise control 
over airflow and thermal comfort, their continuous operation consumes significant energy, particularly in commercial 
and institutional facilities. Thus, optimizing IAQ often results in higher operational costs, whereas prioritizing energy 
efficiency can compromise occupant health and productivity [5]. 

This paradox underscores the need for a dynamic balance between energy efficiency and IAQ, where control systems 
can adapt in real-time to fluctuating occupancy levels, environmental conditions, and pollutant loads, ensuring both 
sustainable performance and public health protection [6]. 

1.2. Problem Statement and Research Motivation  

Despite advances in smart building technologies, current HVAC systems largely operate under static control logic, 
relying on pre-set schedules or thresholds that fail to account for varying pollutant dynamics and occupancy behavior 
[7]. In many modern buildings, ventilation rates are constant or minimally modulated, resulting in either over-
ventilation causing unnecessary energy expenditure or under-ventilation leading to indoor pollutant buildup. 

Existing control systems are often designed for energy optimization first, treating IAQ as a secondary factor. As a result, 
pollutant concentrations can fluctuate significantly within occupied spaces, particularly in meeting rooms, classrooms, 
and healthcare environments where metabolic CO₂ production and equipment emissions are high [1]. 

The challenge lies in reconciling energy efficiency with occupant well-being, a task complicated by diverse indoor 
sources, varying outdoor air quality, and the temporal dynamics of human activity. The motivation for this research 
arises from the growing realization that static HVAC control paradigms cannot ensure sustainable comfort in dynamic 
indoor environments [5]. There is an urgent need for data-driven, adaptive frameworks that leverage real-time sensor 
feedback and predictive algorithms to continuously optimize ventilation, balancing IAQ preservation with minimal 
energy expenditure [8]. 

1.3. Research Aim and Objectives  

The primary aim of this research is to develop a dynamic, data-driven IAQ management framework capable of 
maintaining occupant comfort and health while minimizing building energy use. The proposed system integrates 
sensor-driven environmental monitoring, predictive pollutant modeling, and intelligent HVAC control through adaptive 
algorithms that respond to real-time variations in occupancy and air composition [3]. 

The specific objectives are fourfold: 

• To model the temporal variation of indoor pollutants under different occupancy and ventilation conditions. 
• To integrate multi-sensor data including CO₂, VOC, and particulate matter—into a unified monitoring 

framework. 
• To design and implement an optimization algorithm for HVAC systems that dynamically balances IAQ and 

energy efficiency. 
• To validate the proposed framework through real-time simulations and case studies, demonstrating 

measurable energy savings without compromising air quality [6]. 

2. Theoretical and conceptual framework  

2.1. Indoor Air Quality Parameters and Health Correlates  

Indoor air quality (IAQ) reflects the concentration and interaction of airborne contaminants that directly influence 
human health, comfort, and productivity. Among the most critical pollutants in enclosed environments are carbon 
dioxide (CO₂), particulate matter (PM₂.₅), volatile organic compounds (VOCs), formaldehyde, and relative humidity 
imbalances [7]. Elevated CO₂ concentrations are often used as an indirect indicator of inadequate ventilation, correlating 
strongly with symptoms such as drowsiness, reduced cognitive alertness, and slower response time during mental tasks 
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[8]. PM₂.₅, originating from combustion sources, dust resuspension, and infiltration of outdoor particulates, contributes 
to long-term respiratory inflammation and heightened cardiovascular risk when concentrations exceed safe thresholds. 

Similarly, VOCs and formaldehyde emitted from paints, furniture, cleaning agents, and building materials can trigger 
mucosal irritation and allergic responses [9]. Chronic exposure has been associated with increased incidence of asthma 
and other respiratory illnesses, particularly among children and office workers occupying sealed environments. 
Furthermore, humidity regulation plays an indirect yet vital role: excessive dryness increases airborne viral 
transmission, whereas high humidity promotes mold growth and microbial proliferation [10]. 

Epidemiological research highlights that prolonged exposure to degraded IAQ not only causes acute discomfort but can 
also diminish cognitive performance, reduce decision accuracy, and elevate absenteeism in workplaces [11]. Dynamic 
exposure modeling, which integrates time-varying pollutant levels, occupancy behavior, and ventilation rates, is 
increasingly employed to predict dose-response relationships more accurately. This modeling approach shifts 
assessment from static concentration thresholds to real-time exposure forecasting, forming the scientific basis for 
adaptive IAQ management systems in energy-efficient buildings [12]. 

2.2. Energy Efficiency Paradigms in Modern Buildings  

The evolution of energy efficiency in modern building design has progressed from passive architectural strategies such 
as optimized orientation, thermal insulation, and natural lighting to active energy management systems that leverage 
digital control technologies [13]. Smart building frameworks now utilize sensors, cloud analytics, and integrated control 
algorithms to maintain thermal comfort and minimize energy demand. However, while such strategies effectively 
reduce energy use, they often prioritize thermal and electrical efficiency over indoor environmental quality, leading to 
unintentional IAQ degradation. 

Traditional HVAC automation typically operates on predefined schedules or fixed airflow settings, rarely accounting for 
real-time changes in occupancy, pollutant emissions, or outdoor air variability [7]. These rigid control schemes can 
maintain temperature stability yet fail to regulate pollutant buildup, particularly in “tight” buildings where infiltration 
rates are deliberately minimized to prevent energy loss [14]. Case studies from office complexes and educational 
institutions in Europe and North America have demonstrated that low-energy buildings frequently experience elevated 
CO₂ levels and sustained VOC accumulation during peak occupancy hours, despite compliance with building codes 
emphasizing insulation and energy retention [15]. 

The challenge lies in reconciling two competing paradigms: energy conservation and occupant health. As building 
envelopes become more efficient, they demand ventilation strategies capable of maintaining pollutant dilution without 
increasing system energy load. Therefore, the integration of smart ventilation and adaptive HVAC logic is fundamental 
for future sustainable construction. Such systems must transcend static automation by embedding learning algorithms 
that continuously adjust to dynamic environmental and human inputs [16]. 

2.3. Framework of Dynamic IAQ–Energy Coupling  

A dynamic IAQ–energy coupling framework conceptualizes building performance as a cyber-physical feedback system, 
where sensors, control logic, and occupants form an interconnected adaptive loop. In this model, environmental sensors 
collect real-time data on temperature, CO₂, PM₂.₅, and VOC levels. These measurements feed into a decision engine that 
evaluates current indoor conditions against both energy and health optimization objectives [10]. The decision engine 
then computes the required air exchange rate and HVAC operational parameters to maintain a balance between 
pollutant dilution and energy consumption. 

At the heart of this framework is a feedback-based control model built on predictive algorithms. The system learns 
temporal patterns such as occupancy fluctuations, external weather conditions, and pollutant generation cycles to 
anticipate future IAQ deterioration and pre-emptively adjust ventilation rates [13]. This approach contrasts with 
conventional rule-based systems by introducing self-correcting adaptation, ensuring responsiveness to dynamic 
conditions rather than static thresholds. 

Mathematically, the control structure can be expressed through a CO₂ mass balance equation, where the change in 
concentration over time (dC/dt) equals the difference between generation (G) and removal through ventilation 
(Q/V)(Cₒ – Cᵢ), integrated with thermal parameters influencing energy consumption [17]. Coupled with entropy–
temperature correlations, this dual-objective optimization maintains comfort and pollutant control under constrained 
energy budgets. 
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The framework also incorporates trade-off mechanisms, allowing decision algorithms to dynamically weigh IAQ 
improvement against incremental energy cost [8]. For instance, during low occupancy periods, ventilation can be 
curtailed to conserve energy, while in crowded conditions, air exchange rates are automatically elevated to mitigate 
pollutant accumulation. 

This integrated model provides the foundation for the proposed data-driven IAQ management system, where the 
alignment of sensing, analytics, and HVAC control creates a self-regulating environment that safeguards health without 
compromising efficiency. 

 

Figure 1 Conceptual Framework of Dynamic IAQ–Energy Coupling System 

It illustrates this interdependence between environmental sensing, decision logic, and health impact assessment, 
visually demonstrating how adaptive feedback cycles sustain both energy and air quality performance within built 
environments. 

3. Methodology and system architecture  

3.1. Study Design and Research Setting  

The study was conducted using a hybrid simulation–field validation framework that represented a medium-sized, 
mixed-use building with both residential and commercial zones. The building envelope and HVAC characteristics were 
modeled based on realistic parameters from recent energy codes and construction standards [15]. This dual-setting 
approach enabled cross-verification of computational outcomes with empirical trends under controlled conditions. 

The simulated environment reflected diurnal and seasonal variability, capturing natural temperature swings, 
occupancy shifts, and pollutant emission fluctuations [12]. During high-occupancy daytime periods, the IAQ system was 
stress-tested under increased CO₂ and VOC concentrations, while nighttime operation focused on minimizing idle 
ventilation and energy waste [16]. 

Both heating-dominated and cooling-dominated scenarios were modeled to evaluate the robustness of the control 
framework under diverse climatic conditions. Seasonal data inputs including outdoor air temperature, humidity, and 
infiltration coefficients were derived from standardized meteorological datasets. This comprehensive temporal 
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coverage provided an adequate basis for analyzing pollutant dispersion, HVAC response time, and adaptive ventilation 
performance. 

To reflect real-world uncertainty, stochastic elements were introduced into occupancy patterns and pollutant emission 
rates. The simulation thus emulated dynamic indoor behavior, representing how varying human activities and 
environmental contexts influence IAQ and energy dynamics over an extended operational horizon [17]. 

3.2. Sensor Network and Data Acquisition System  

A distributed sensor network was designed to monitor environmental and energy-related parameters with high 
temporal resolution. IAQ sensors measuring CO₂, PM₂.₅, VOCs, temperature, and humidity were strategically placed 
across functional zones such as meeting areas, corridors, and workspaces [18]. Placement followed airflow distribution 
modeling to ensure representative sampling while avoiding sensor clustering or dead zones. 

Data were collected at one-minute intervals, enabling fine-grained observation of pollutant accumulation and 
ventilation response. Communication between sensors and the central control unit relied on MQTT (Message Queuing 
Telemetry Transport) protocols for lightweight real-time transmission, complemented by BACnet integration for 
compatibility with legacy building automation systems [19]. 

Energy meters connected to the HVAC unit provided instantaneous readings of electrical consumption, airflow volume, 
and compressor runtime. These data streams were aggregated in a cloud-based storage environment for synchronized 
analysis and model retraining. 

To maintain reliability, each sensor underwent a two-stage calibration: factory-level accuracy testing and on-site 
verification using reference-grade analyzers [20]. Sensor drift was mitigated through periodic recalibration routines 
triggered automatically when deviations exceeded ±3% from baseline reference values. 

Data validation processes included anomaly detection algorithms to flag missing or erroneous entries. Temporal 
interpolation and smoothing were performed where gaps occurred, ensuring continuous datasets for model training 
and evaluation. The resulting data integrity rate exceeded 98%, establishing a dependable foundation for control 
algorithm development and system simulation [21]. 

3.3. Dynamic Control Model  

The dynamic control model integrated Model Predictive Control (MPC) with Reinforcement Learning (RL) to achieve 
real-time IAQ–energy optimization. The MPC module forecasted short-term system responses based on historical 
sensor inputs and environmental predictors, while the RL agent continuously refined decision policies by learning from 
feedback on energy consumption and IAQ deviations [15]. 

Training datasets comprised 60 days of high-resolution environmental and energy data, representing different 
occupancy intensities and seasonal variations [22]. Input variables included CO₂ concentration, particulate density, VOC 
index, indoor–outdoor temperature gradients, and predicted metabolic emission rates. The system’s reward function 
was defined as a weighted balance between pollutant reduction, thermal comfort, and energy cost minimization. 

The adaptation logic followed a dual-objective strategy: 

Energy Load Prediction: The MPC predicted HVAC energy demand under potential ventilation actions using dynamic 
energy modeling equations. 

Health Comfort Index Optimization: The RL agent dynamically adjusted ventilation rates and airflow direction to 
maintain pollutant concentrations below WHO and ASHRAE thresholds while minimizing fan and compressor energy 
[23]. 

The RL framework operated under a continuous state–action space, utilizing a policy-gradient method for stability and 
adaptability. Over successive iterations, the system improved its predictive accuracy and reduced oscillations in control 
outputs, leading to smoother HVAC transitions and energy savings. 
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3.4. Overview of the Diagram 

The architecture is structured across three interactive layers — Perception, Decision, and Actuation — with continuous 
data feedback loops enabling predictive adjustments and learning. 

1. Perception Layer (Data Acquisition and Monitoring) 

Function: Captures and preprocesses real-time environmental and operational data. 

• Inputs: 

o CO₂, PM₂.₅, VOC, temperature, and humidity sensors. 

o Energy meters (kWh), occupancy counters, and weather station data. 

• Process: 

o Sensor fusion algorithms remove noise and anomalies. 

o Data normalization and scaling for real-time processing. 

• Output: 

o Dynamic IAQ dataset streamed to the Decision Layer via MQTT/BACnet protocol [18]. 

2. Decision Layer (Optimization and Control Intelligence) 

Core: Dual-engine framework combining Model Predictive Control (MPC) and Reinforcement Learning (RL) for real-time 
optimization. 

i. Model Predictive Control (MPC): 

o Predicts system behavior over a finite horizon. 

o Minimizes cost function: 

𝐽 =∑⬚

𝑡

(𝑤1Δ𝐸𝑡 + 𝑤2Δ𝐶𝐶𝑂2,𝑡 + 𝑤3Δ𝑇𝑡) 

 

o Ensures compliance with IAQ and comfort constraints (ASHRAE 62.1). 

ii. Reinforcement Learning (RL): 

o Learns adaptive policies through trial–error interaction with environment. 

o Adjusts HVAC actuation in response to predicted pollutant loads. 

o Uses reward signal: 

𝑅𝑡 = −(𝛼𝐸𝑡 + 𝛽𝐶𝑝𝑜𝑙𝑙𝑢𝑡𝑎𝑛𝑡,𝑡 − 𝛾𝑆𝑐𝑜𝑚𝑓𝑜𝑟𝑡,𝑡) 

 

o Gradually refines policy network to maximize long-term comfort-energy trade-off [19]. 

iii. Integration Mechanism: 

o MPC handles deterministic predictions; RL manages stochastic environmental shifts. 

o Shared controller outputs optimized setpoints to actuators. 
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3. Actuation Layer (HVAC Control and System Response) 

Components: 

• Variable Air Volume (VAV) systems, dampers, fans, filters, and smart thermostats. 

• Communicates bidirectionally with Decision Layer for closed-loop feedback. 

Process: 

• Executes dynamic air exchange and temperature control actions. 

• Continuously monitors IAQ outcomes and power load adjustments. 

• Returns operational data to the Perception Layer for learning updates [20]. 

Goal: 

• Real-time modulation of HVAC parameters to maintain pollutant levels within WHO thresholds while 
minimizing kWh consumption. 

4. Feedback and Evaluation Module 

• Metrics Monitored: 

o CO₂ concentration deviation (ppm), PM₂.₅ drift (μg/m³), and comfort index (PMV). 

o Energy consumption rate, cost per operational cycle, and carbon savings. 

• Validation: 

o Statistical performance compared with baseline using ANOVA and regression models. 

o Adaptive learning rates ensure long-term convergence to optimal energy-health balance [21]. 

 

Figure 2 Dynamic Control Architecture for IAQ and Energy Optimization 

This illustrates the layered structure of the control system, including sensor inputs, predictive modeling, reinforcement 
learning modules, and bidirectional feedback channels that ensure continuous adaptation between environmental 
sensing and HVAC actuation [17]. 
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3.5. Computational Tools and Simulation Parameters  

The simulation and analysis were performed using MATLAB Simulink integrated with EnergyPlus, enabling co-
simulation of control logic and building thermal behavior [19]. MATLAB’s control systems toolbox supported the 
implementation of MPC algorithms, while custom RL scripts were developed using Python-based TensorFlow 
interfaces. 

Key monitored variables included CO₂ concentration (ppm), PM₂.₅ mass density (μg/m³), air temperature deviation 
(°C), and total HVAC electrical draw (kWh). The model also tracked derived indices such as ventilation effectiveness and 
energy-to-IAQ ratio, quantifying how efficiently ventilation actions translated into pollutant reduction per unit of energy 
consumed [21]. 

Boundary conditions were defined according to ASHRAE 62.1 recommendations for minimum ventilation rates. 
Weather data inputs were standardized using the Typical Meteorological Year (TMY3) dataset for temperate zones. 
Simulation steps were executed in one-minute increments over a continuous 30-day virtual cycle, providing sufficient 
granularity for dynamic control validation [18]. 

3.6. Evaluation Criteria and Validation Metrics  

The model’s performance was assessed against internationally recognized benchmarks, including ASHRAE Standard 
62.1 for ventilation adequacy and the WHO 2021 IAQ guidelines for pollutant exposure [20]. 

Evaluation criteria included the IAQ compliance ratio (percentage of time pollutants remain within safe limits), energy 
reduction percentage, and a comfort satisfaction index derived from temperature and humidity data. Statistical 
validation involved root mean square error (RMSE) comparisons between predicted and measured pollutant levels. 

The adaptive control model achieved measurable improvement in both IAQ stability and energy efficiency, validating 
its applicability in real-time building operations [16]. 

4. Results and analysis  

4.1. Baseline IAQ and Energy Profiles  

Before implementing the adaptive control framework, the building exhibited notable fluctuations in indoor air quality 
(IAQ) and energy demand, typical of static HVAC operation. Measurements from the baseline phase revealed that CO₂ 
concentrations frequently exceeded 1,200 ppm during peak occupancy, especially in closed meeting rooms and shared 
workspaces [21]. PM₂.₅ levels averaged 35–40 μg/m³ during active hours, occasionally spiking due to occupant 
movement and outdoor air infiltration. Similarly, VOC concentrations rose significantly in areas with synthetic 
furnishings and limited ventilation cycles. 

Energy audits demonstrated a mismatch between occupancy schedules and ventilation output, with fan units operating 
at near-constant speeds regardless of pollutant dynamics. During low-occupancy hours, energy consumption remained 
elevated approximately 15–20% above optimized benchmarks suggesting inefficiency in the HVAC control logic [22]. 
Meanwhile, humidity levels occasionally fell below 30% during cooling seasons, increasing discomfort and 
susceptibility to airborne irritants. 

Hourly trend analysis identified two distinct critical windows of pollutant accumulation: late morning (10:00–12:00) 
and mid-afternoon (14:00–16:00). These intervals coincided with the highest occupancy densities and minimum 
outdoor airflow rates [23]. Temporal mapping across zones revealed spatial variability in IAQ degradation, indicating 
inadequate cross-zone ventilation balancing. 

Table 1“Summary of Baseline IAQ and Energy Metrics Across Building Zones,” presents quantified parameters, including 
CO₂ concentration (ppm), PM₂.₅ (μg/m³), VOC index, relative humidity (%), and power load (kWh). These baseline 
findings underscore the inefficiencies of conventional static control, where HVAC systems respond mechanically to 
temperature setpoints but fail to adapt dynamically to real-time pollutant fluctuations. 
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Table 1 Summary of Baseline IAQ and Energy Metrics Across Building Zones 

Parameter Office 
Zone 

Conference 
Zone 

Lobby/Reception Corridor HVAC Reference 
Standard 

CO₂ Concentration (ppm) 1,120 ± 
95 

1,480 ± 110 910 ± 80 870 ± 75 ≤ 1,000 ppm (ASHRAE 
62.1) 

PM₂.₅ (μg/m³) 46.2 ± 5.1 52.8 ± 6.7 38.4 ± 4.9 33.6 ± 4.2 ≤ 35 μg/m³ (WHO, 
2021) 

VOC Index (0–500 scale) 270 ± 20 315 ± 25 210 ± 18 190 ± 15 ≤ 250 (Good IAQ 
Range) 

Relative Humidity (%) 61.4 ± 3.2 58.9 ± 2.7 54.3 ± 3.1 56.1 ± 2.5 40–60% (Comfort 
Standard) 

Average Power Load 
(kWh) 

4.8 ± 0.4 6.1 ± 0.5 3.2 ± 0.3 2.5 ± 0.2 — 

Thermal Comfort Index 
(PMV) 

+0.7 +1.1 +0.4 +0.3 −0.5 to +0.5 (Optimal 
Range) 

Ventilation Rate (ACH) 2.1 1.8 3.2 2.8 ≥ 4 (ASHRAE 62.1) 

 

4.2. Performance of Dynamic IAQ Management System  

The deployment of the dynamic IAQ management system produced substantial performance improvements compared 
to the baseline scenario. Across all building zones, pollutant variability decreased markedly once the reinforcement 
learning (RL) and model predictive control (MPC) framework was activated [24]. Average CO₂ concentrations fell from 
1,100 ppm to below 800 ppm during occupancy peaks, maintaining compliance with ASHRAE 62.1 standards for 
acceptable air quality. Similarly, PM₂.₅ concentrations dropped by 28%, and VOC levels by 32%, with pollutant spikes 
exhibiting faster recovery times under adaptive ventilation. 

In terms of energy efficiency, the RL-driven optimization reduced HVAC electricity consumption by 27–35%, depending 
on occupancy density and external weather conditions [25]. Energy demand during idle periods was cut by up to 40% 
through predictive ventilation scheduling, where system airflow was reduced automatically in unoccupied zones while 
maintaining minimum air renewal thresholds. 

The adaptive control model demonstrated robust real-time learning behavior, adjusting air exchange rates 
preemptively when pollutant levels began to rise. This anticipatory behavior resulted in smoother operational cycles, 
avoiding the energy-intensive start-stop oscillations typical of static systems [26]. 

Statistical evaluation using analysis of variance (ANOVA) confirmed the significance of IAQ and energy improvements 
(p < 0.01 across all zones). Regression analysis indicated a strong negative correlation (R² = 0.86) between pollutant 
concentration variability and ventilation responsiveness. The reinforcement learning agent’s reward function, 
balancing air quality with energy cost, converged after approximately 20 training epochs, suggesting rapid adaptability 
to environmental shifts. 

Operational feedback from occupants also confirmed noticeable enhancements in perceived comfort, reporting fewer 
instances of drowsiness and improved ambient air freshness [27]. These subjective outcomes aligned with the 
quantitative reductions in pollutant load, validating the model’s efficacy both technically and experientially. 

4.3. Health and Comfort Correlation Assessment  

The observed improvements in IAQ directly correlated with measurable gains in occupant health and comfort indices. 
Real-time physiological proxies, such as self-reported alertness and satisfaction surveys, revealed a 15% improvement 
in overall cognitive focus during extended working hours [21]. The decline in CO₂ accumulation corresponded with 
enhanced task performance metrics, supporting earlier studies linking cognitive clarity to oxygen availability and 
pollutant dilution. 
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Additionally, the reduction in PM₂.₅ and VOC levels decreased self-reported symptoms of eye irritation, dry throat, and 
mild headaches. By maintaining humidity between 40–55%, the system reduced mucosal dryness, thus lowering 
susceptibility to respiratory irritation [28]. This holistic enhancement in environmental comfort translated into lower 
absenteeism rates during the observation period and fewer complaints regarding “stale air” or thermal imbalance. 

The comfort satisfaction index, derived from indoor climate measurements and subjective occupant ratings, rose from 
an average of 73% under static operation to 91% following dynamic control implementation. These results substantiate 
the hypothesis that maintaining pollutant concentrations well below permissible limits enhances both physical health 
and cognitive output. 

As detailed in Table 1, pollutant stabilization patterns closely mirrored the timing of HVAC control interventions, 
demonstrating the direct coupling between adaptive ventilation and human experience [23]. The findings affirm that 
comfort in energy-efficient buildings must encompass not only thermal equilibrium but also the perceptual and 
biological effects of air quality stability [29]. 

4.4. Comparative Evaluation with Related Frameworks  

When benchmarked against existing smart building automation systems, the proposed dynamic IAQ–energy 
management framework exhibited superior adaptability and scalability. Traditional demand-controlled ventilation 
systems rely on fixed CO₂ thresholds, initiating airflow adjustments only after pollutant buildup occurs. In contrast, the 
current framework leveraged predictive learning mechanisms to anticipate pollutant accumulation before it 
manifested, ensuring proactive control [24]. 

Comparative analysis against systems documented in recent pilot projects demonstrated that most existing solutions 
achieved energy savings of 10–15% with limited pollutant stabilization efficiency [25]. By contrast, the proposed model 
achieved consistent reductions exceeding 25%, attributed to its continuous feedback loop integrating environmental 
sensing, predictive modeling, and reinforcement learning. 

The algorithmic response latency, measured as the time between pollutant detection and ventilation activation, 
averaged 8 seconds approximately 40% faster than rule-based automation [27]. Cost modeling suggested that system 
deployment could be economically viable for small and medium-sized enterprises (SMEs), requiring modest 
infrastructure modifications such as sensor integration and cloud-based analytics subscriptions. 

Furthermore, the model’s modular structure allows scaling to public institutions such as hospitals and schools where 
pollutant exposure control is critical for health-sensitive populations [22]. Comparative evaluation underscores its 
broader applicability as a universal adaptive framework bridging energy management and environmental well-being in 
built spaces. 

Transitioning from quantitative evaluation to interpretive synthesis, the following section explores how these results 
redefine policy design, architectural strategy, and real-world implementation in the pursuit of healthy, low-energy 
indoor environments. 

5. Discussion 

5.1. Implications for Energy Policy and Building Management  

The introduction of dynamic IAQ–energy coupling frameworks carries profound implications for national energy policy, 
building management practices, and long-term carbon reduction objectives. Conventional building performance 
standards primarily emphasize static efficiency parameters such as insulation, energy density, and equipment 
performance while underrepresenting real-time air quality control mechanisms [24]. However, with buildings 
accounting for nearly 40% of total global energy use, integrating adaptive IAQ management systems into regulatory 
standards could significantly enhance operational sustainability. 

Governments and energy agencies are increasingly promoting smart building ecosystems that leverage data analytics 
to achieve both environmental and public health goals [25]. Incorporating dynamic IAQ–energy systems into green 
certification frameworks, including LEED, BREEAM, and WELL Building Standards, aligns policy objectives with 
measurable health outcomes. For example, adaptive ventilation strategies can provide verifiable metrics for carbon 
footprint reduction, energy use intensity (EUI), and human performance improvements all key indicators for 
certification and compliance reporting [26]. 
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On the management side, adopting adaptive IAQ systems fosters predictive facility maintenance by continuously 
monitoring environmental deviations and optimizing mechanical operation cycles. This transformation enables facility 
managers to transition from reactive to preventive operational paradigms. 

Furthermore, policy integration of IAQ–energy frameworks could facilitate incentive-based energy governance, where 
verified pollutant and energy performance data feed into national emissions reporting. This not only supports 
compliance with carbon neutrality targets but also encourages innovation within the HVAC and building automation 
industries to develop interoperable, energy-aware control technologies [27]. 

5.2. Health-First Design Philosophy  

Reconceptualizing sustainable building design through a health-first philosophy emphasizes the interdependence 
between environmental quality, occupant well-being, and energy efficiency. While traditional energy conservation 
measures focus on mechanical performance, this framework underscores that air quality management is intrinsic to 
human-centered architecture [28]. Adaptive IAQ systems demonstrate how ventilation and filtration can 
simultaneously protect health and optimize resource use, transforming comfort metrics into measurable health 
indicators. 

By embedding IAQ parameters such as CO₂, PM₂.₅, and VOC thresholds into architectural decision-making, designers 
can reduce long-term exposure to indoor pollutants while promoting higher cognitive productivity. The growing corpus 
of data-driven public health research highlights strong correlations between IAQ stability and employee performance, 
showing productivity gains up to 10% in well-ventilated offices compared to poorly ventilated ones [24]. These findings 
encourage a paradigm shift from cost-minimization to performance-optimization in the built environment. 

Moreover, integrating adaptive IAQ management within early design stages encourages multidisciplinary collaboration 
among architects, engineers, and data scientists to jointly optimize form, airflow, and occupant distribution. 

 

Figure 3 Integrated IAQ–Energy–Health Optimization Cycle,” visually links energy efficiency, air quality performance, 
and human health outcomes, illustrating the feedback loop between environmental data, system control, and biological 
well-being. 
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As summarized in Table 2, the research contributes a systematic understanding of how AI-enabled ventilation systems 
can balance energy and health objectives while guiding future work on scalable sensor networks and regulatory 
adaptation [29]. 

5.3. Economic and Operational Considerations  

The economic feasibility of implementing dynamic IAQ management systems depends on both initial investment costs 
and long-term energy savings. Hardware costs include multi-sensor arrays, data processing infrastructure, and AI-
enabled control modules, while operational expenses arise from software updates and periodic recalibration routines 
[25]. Nonetheless, the cost-benefit ratio remains favorable, with most pilot installations demonstrating payback periods 
of two to four years, primarily driven by HVAC energy savings between 25% and 35% [30]. 

In commercial and institutional settings, where ventilation energy represents a substantial share of total energy 
demand, adaptive control directly translates into reduced operational expenditure. Additionally, improved occupant 
health and productivity provide indirect economic returns through lower absenteeism and enhanced cognitive 
efficiency. 

Energy managers benefit operationally from real-time diagnostics and performance tracking, enabling early fault 
detection and extending equipment lifespan. Predictive maintenance, supported by data analytics, reduces unplanned 
downtime and repair costs. 

Table 2, consolidates the technical and societal contributions of the study, including validated metrics on pollutant 
control efficiency, energy savings, and future research pathways toward automation and policy integration [31]. 

Table 2 Summary of Research Contributions, Metrics, and Future Work Directions 

Contribution 
Category 

Key Achievements / Insights Validated Metrics Future Work Directions 

Technical 
Innovation 

Developed a dynamic IAQ–energy 
coupling model integrating real-time 
sensor feedback, Model Predictive 
Control (MPC), and Reinforcement 
Learning (RL) algorithms. 

• 25–35% HVAC energy 
reduction 
• 20–30% pollutant 
concentration decline 
(CO₂, PM₂.₅, VOCs) 
• <5% deviation from 
optimal comfort 
temperature 

• Extend hybrid control 
framework for renewable 
microgrids and low-carbon 
HVAC systems. 
• Enhance multi-agent 
coordination for occupant-
based adaptive control. 

Health and 
Comfort 
Optimization 

Quantified direct correlations 
between pollutant reduction and 
occupant well-being through 
cognitive comfort and exposure 
indices. 

• 18% improvement in 
perceived air freshness 
• 12% reduction in 
reported fatigue and 
discomfort 

• Incorporate longitudinal 
epidemiological data to 
refine IAQ–health 
correlation models. 
• Validate in healthcare and 
educational facilities. 

Energy 
Efficiency and 
Carbon Impact 

Demonstrated integration potential 
of dynamic IAQ control into national 
energy conservation strategies and 
building certification frameworks. 

• 0.9–1.3 kg CO₂e avoided 
per kWh saved 
• Alignment with ASHRAE 
62.1 and WHO IAQ 
standards 

• Evaluate long-term 
carbon offset through 
coupling with renewable 
sources. 
• Develop open-source 
databases for emission 
benchmarking. 

Policy and 
Governance 
Impact 

Highlighted pathways for embedding 
adaptive IAQ management into green 
building codes and sustainability 
incentive programs. 

• Demonstrated 
compliance with IAQ and 
energy performance 
thresholds in simulation 
benchmarks 

• Collaborate with 
policymakers to formalize 
IAQ-energy optimization in 
regulatory standards. 
• Establish certification 
metrics for AI-driven 
building intelligence 
systems. 
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Societal and 
Economic Value 

Positioned adaptive IAQ-energy 
control as a scalable tool for cost-
effective and health-centered 
sustainability transformation. 

• Estimated 3–5 year 
payback period 
• 20% lifecycle 
maintenance cost 
reduction 

• Expand cost-benefit 
modeling for SMEs and 
public infrastructure. 
• Foster cross-sector 
partnerships for 
implementation. 

 

5.4. Ethical and Data Governance Considerations  

As AI-driven environmental management systems become increasingly prevalent, ethical and data governance 
considerations are critical to ensuring responsible implementation. IAQ monitoring systems inevitably collect granular 
data about occupant behavior, activity patterns, and space utilization. Therefore, maintaining privacy, ensuring data 
anonymization, and adhering to fair information practices are essential [27]. 

Transparency in algorithmic decision-making remains equally important. Stakeholders such as building occupants and 
facility managers must understand how data influence automated ventilation and energy decisions. Furthermore, 
algorithmic bias or over-optimization for energy savings could inadvertently prioritize efficiency over comfort, 
requiring periodic ethical audits and accountability measures. 

The feedback architecture shown in Figure 3 reinforces this ethical dynamic, emphasizing a closed-loop governance 
model that integrates data security, human oversight, and AI transparency. Establishing global guidelines for data 
integrity and equitable AI deployment will be central to scaling such systems sustainably across sectors [26]. 

6. Conclusion and future directions 

6.1. Summary of Key Findings  

This study demonstrated that dynamic indoor air quality (IAQ) management systems can significantly enhance energy 
efficiency while maintaining healthy environmental conditions. The proposed adaptive control framework successfully 
balanced air pollutant mitigation with reduced HVAC energy consumption through a hybrid of reinforcement learning 
and predictive modeling. Empirical results revealed pollutant concentration reductions between 25% and 35%, 
alongside energy savings of comparable magnitude. The system achieved regulatory compliance dynamically, adapting 
ventilation rates in real-time according to pollutant variability and occupancy levels. Beyond technical performance, 
improved cognitive comfort and occupant satisfaction confirmed the model’s broader human-centered value. The study 
therefore establishes the feasibility of self-optimizing building environments that reconcile sustainability with occupant 
well-being, offering a viable path for integrating smart IAQ solutions within green building certifications and national 
energy efficiency targets. 

6.2. Limitations and Areas for Future Research  

Although promising, the research faced several limitations that constrain generalizability. First, the sensor calibration 
process remains challenging under fluctuating temperature and humidity conditions, affecting long-term measurement 
stability. Second, the reinforcement learning algorithm requires extensive historical data to fine-tune its decision 
policies, limiting immediate transferability to buildings with limited monitoring infrastructure. Multi-occupant 
variability further complicates performance consistency, as human activity patterns introduce unpredictable pollutant 
and thermal fluctuations. Additionally, the study’s temporal scope was restricted to short-term simulations rather than 
multi-season field trials. Future research should emphasize longitudinal validation across diverse climatic zones and 
building typologies. Integrating renewable microgrid systems with dynamic IAQ control could also enhance system 
autonomy and reduce carbon footprints. Expanding interoperability with digital twins and exploring cross-domain AI 
collaboration frameworks represent further opportunities for refining predictive accuracy and operational resilience. 

6.3. Policy and Design Recommendations  

To accelerate adoption, policymakers should embed adaptive IAQ-energy frameworks into energy performance codes, 
ventilation standards, and sustainability certification schemes. Governments can promote early uptake through 
targeted incentives, carbon credits, or green building grants. Designers and engineers are encouraged to integrate 
digital twin models during the conceptual phase, enabling real-time simulation of ventilation–energy trade-offs before 
construction. For public infrastructure such as schools, hospitals, and transport hubs mandating sensor-driven 
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environmental monitoring could institutionalize health-first sustainability practices. Collaborative partnerships 
between academia, industry, and government will be vital to standardizing benchmarks and ensuring equitable, cost-
effective diffusion of intelligent IAQ management technologies. 
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