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This paper presents a comprehensive study on the optimization of zonal heating in residential environments using adaptive 

machine learning algorithms, based on the patented SmartThermMesh system. The system integrates distributed IoT-based 

controllers, a mesh communication network, and predictive control algorithms that autonomously regulate microclimates 

across multiple zones. Experimental and simulated results demonstrate a 32–38% reduction in overall HVAC energy 

consumption compared to conventional single-thermostat systems, with enhanced comfort stability and reduced equipment 

cycling. The research combines real-world performance data with model-based simulations calibrated according to DOE and 

ASHRAE residential heating standards. A comparative analysis versus state-of-the-art solutions confirms the superior 

performance of adaptive zonal optimization using reinforcement and predictive learning strategies. 
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Introduction 

Heating, ventilation, and air conditioning (HVAC) systems account for approximately 40% of global building energy 

consumption and nearly half of household utility costs (U.S. Department of Energy, 2023). Traditional residential heating 

relies on single-point thermostatic control, which regulates an entire dwelling as one thermal zone. This approach is 

inherently inefficient, as it conditions unoccupied areas and responds reactively rather than proactively to thermal variations. 

Recent advances in the Internet of Things (IoT) and artificial intelligence (AI) have enabled distributed, sensor-rich control 

networks capable of fine-grained environmental optimization. 

Zonal heating, in which each room is independently regulated, has emerged as a key strategy for improving energy efficiency. 

Studies by ASHRAE (2022) indicate that multi-zone regulation can cut heating costs by up to 30% in temperate climates. 

However, most existing zoning systems rely on static rules or user schedules rather than continuous learning and adaptation. 

The SmartThermMesh concept, developed and patented as an intelligent distributed climate control architecture , addresses 

this gap by integrating adaptive machine learning algorithms that autonomously predict occupancy, thermal inertia, and 

environmental disturbances. 

This paper builds upon the SmartThermMesh patent to present a scientific evaluation of adaptive zonal heating optimization. 

The objectives are: 

1. To model and implement the patented architecture in a controlled experimental environment; 

2. To evaluate the performance of adaptive machine learning algorithms for zonal HVAC optimization; 

3. To compare the results with conventional and commercially available smart heating systems. 

The contribution of this work lies in providing both empirical and simulated evidence of how adaptive, data-driven control 

can significantly reduce energy consumption without compromising comfort, supporting the growing shift toward AI-

enhanced building energy management. 

Methodology 

The experimental system was based on the patented SmartThermMesh framework. It comprises multiple zone controller 

nodes, each containing sensors for temperature, humidity, and occupancy, along with actuators that control radiator valves 

or air dampers. These nodes communicate through a wireless mesh network (Thread/Zigbee), forming a decentralized system 

with no single point of failure. 

Each zone node executes a local control loop and transmits data to a coordination layer, which runs adaptive optimization 

algorithms. The system was implemented in a two-story, 160 m² test residence located in a cold-temperate climate zone 

(average winter temperature −5 °C). The home was divided into eight controllable zones: four on the ground floor and four 

on the upper floor. 
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Sensors logged environmental conditions every minute over a 45-day test period in winter, while actuators modulated 

radiator valves (hydronic system) or duct dampers (forced-air system). Baseline consumption was established using 

conventional single-thermostat control with fixed setpoints (21 °C occupied / 17 °C unoccupied). 

The optimization algorithm was designed as a hybrid of Model Predictive Control (MPC) and Reinforcement Learning (RL) 

techniques. 

Predictive thermal model: a physics-informed neural network (PINN) was trained to forecast indoor temperature trajectories 

for each zone over a 30-minute horizon. The model used real-time sensor data (temperature, humidity, solar irradiance, and 

occupancy) and external weather forecasts from the OpenWeather API. 

Reinforcement learning layer: a Deep Q-Learning agent determined optimal control actions (heating power level and 

damper/valve position) to minimize energy cost while maintaining comfort. The reward function penalized energy use (kWh) 

and deviations from comfort thresholds (ΔT > ±0.5 °C). 

Coordination mechanism: a distributed consensus protocol synchronized local controllers. If one zone required heating while 

others were near setpoint, the system modulated HVAC load to serve the high-priority zone first, reducing simultaneous 

heating demand and avoiding short cycling. 

The control loop can be summarized as: sense, predict (30 min horizon), optimize, actuate, learn/update. 

A schematic representation of the control architecture is shown in Figure 1. 

 
Figure 1. Adaptive zonal control architecture of SmartThermMesh integrating local sensing, predictive modeling, and 

reinforcement learning optimization 

Energy consumption was measured through sub-metered electrical and thermal sensors (kWh and GJ units). Environmental 

comfort was evaluated via ISO 7730 comfort indices (Predicted Mean Vote—PMV and Predicted Percentage of 

Dissatisfied—PPD). 

Three operational modes were tested: 

1. Baseline (Conventional thermostat): single setpoint, no zoning. 

2. Rule-based Zoning: independent thermostats per room with time schedules. 

3. Adaptive Zonal Control (proposed): SmartThermMesh predictive learning. 

Data were collected at one-minute intervals and aggregated into hourly averages for analysis. External temperatures during 

the test ranged from −10 °C to +5 °C. 

Experimental results 

The experimental evaluation was conducted during a six-week winter period under stable residential occupancy conditions. 

The objective was to assess the performance of adaptive zonal heating using machine learning algorithms in comparison 

with conventional and rule-based control methods. The measured parameters included energy consumption, temperature 

deviation, equipment runtime, and comfort indices. 

Table 1 summarizes the average daily energy consumption and comfort performance for each tested mode. 

Table 1. Comparison of heating performance across control modes 
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Control Mode Average Daily 

Energy Use 

(kWh) 

Energy 

Savings (%) 

Mean 

Temperature 

Deviation (°C) 

Comfort Index 

(PPD %) 

Furnace 

Runtime 

(min/day) 

Baseline 

(Single 

thermostat) 

63.2 — 1.4 17.3 438 

Rule-based 

zoning 

49.8 21.2 1.1 13.7 392 

Adaptive ML 

zoning 

(proposed) 

39.4 37.6 0.6 9.5 331 

 

The results demonstrate that the adaptive machine learning system achieved a 37.6% reduction in average heating energy 

use relative to baseline operation, and a 22% improvement compared to rule-based multi-zone control. The mean indoor 

temperature deviation was also reduced by more than half (from ±1.4 °C to ±0.6 °C), indicating improved stability and 

precision. 

The furnace runtime decreased by approximately 25%, suggesting that the adaptive algorithm effectively reduced short 

cycling and coordinated zone-level heating demands. The comfort index (Predicted Percentage of Dissatisfied, PPD) 

decreased from 17.3% to 9.5%, reflecting a tangible enhancement in perceived thermal comfort according to ISO 7730 

standards. 

The adaptive control exhibits smooth transitions and reduced peak load compared with conventional thermostatic control, 

which shows frequent high-amplitude fluctuations. The ML-based system anticipates thermal losses and pre-heats zones 

slightly before occupancy, minimizing overshoot and avoiding simultaneous high-demand spikes. 

Analysis of diurnal patterns revealed that peak load reduction reached up to 35% between 07:00–09:00 h (typical morning 

occupancy surge). This not only improves system efficiency but also reduces electrical grid stress during morning peaks — 

a valuable characteristic for smart grid integration. 

During the first week of deployment, the algorithm exhibited exploratory control behavior typical of reinforcement learning 

systems. Heating cycles were frequent and short as the model refined its state–action mapping. After approximately five 

days, energy use converged to a stable minimum. 

The convergence pattern followed an exponential decay model, indicating rapid policy optimization. Energy use stabilized 

after 8–9 days, and subsequent fluctuations remained within ±3%. 

The predictive layer also improved temperature forecasting accuracy over time: the mean absolute error decreased from 0.82 

°C in week 1 to 0.43 °C in week 6, consistent with adaptive online retraining behavior. 

Comparative analysis 

To contextualize the results, the adaptive ML system was compared with commercial smart thermostats using data from 

independent field studies. Table 2 presents a normalized comparison across key performance indicators. 

Table 2. Comparative energy performance of adaptive zonal control versus leading smart HVAC systems 

System Architecture Average 

Reported 

Savings 

(%) 

Comfort 

Deviation 

(°C) 

Control 

Granularity 

Cloud 

Dependence 

Nest Learning 

Thermostat 

Single-point 

learning 

thermostat 

12–15 

(DOE 

2021) 

±1.2 1 zone High 

Ecobee 

SmartThermostat 

Central node + 

remote sensors 

15–20 

(Ecobee 

2022) 

±1.0 1 zone 

(averaged) 

Medium 
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Tado Smart Radiator 

TRV 

Multi-zone 

TRVs 

20–25 

(Tado 

2022) 

±0.9 Per radiator 

zone 

High 

Adaptive ML Zonal 

System (proposed) 

Distributed 

mesh network 

32–38 

(this 

study) 

±0.6 Per room, self-

coordinated 

Low (local 

mesh) 

 

These results confirm that adaptive ML zoning achieves higher efficiency and finer control resolution than commercially 

available systems. Unlike single-point thermostats, which rely on cloud analytics and static schedules, the proposed system 

maintains local autonomy and real-time predictive coordination among zones. 

While Tado demonstrates notable savings for radiator heating, its rule-based logic lacks predictive adaptation and tends to 

over-correct after abrupt changes in solar gain or occupancy. In contrast, the adaptive ML control anticipates such changes 

by forecasting thermal dynamics and adjusting valve or damper positions gradually. 

One of the principal challenges in HVAC optimization is maintaining user comfort while minimizing energy use. Figure 2 

presents the relationship between average daily energy consumption and PPD index across test scenarios. 

 

 
Figure 2. Correlation between thermal comfort (PPD %) and energy use (kWh/day) for three control strategies 

The adaptive ML controller achieves a Pareto-optimal balance: below 40 kWh/day energy use, comfort degradation remains 

marginal (PPD < 10%). In contrast, further savings beyond 40% in simulated energy-cut scenarios resulted in non-linear 

comfort deterioration (PPD > 15%), indicating the natural limit of efficiency without occupant discomfort. 

This balance supports the broader hypothesis that machine-learning control can approach the theoretical minimum energy 

envelope for given comfort constraints, as also discussed by Capozzoli et al. (2021) and Li et al. (2022). 

Paired-sample t-tests were applied to compare energy consumption between control modes. Results show significant 

differences (p < 0.01) between adaptive control and both baseline and rule-based zoning modes. Comfort indices also 

improved significantly (p = 0.03). 

The relative standard deviation of temperature deviation decreased from 42% (baseline) to 18% (adaptive), confirming 

enhanced thermal stability. These findings align with previous experimental HVAC control studies (Zhao et al., 2023; Chen 

& Wang, 2020), validating the reproducibility of ML-driven energy optimization. 

Discussion 

The experimental and comparative data indicate that adaptive machine learning algorithms enable substantial reductions in 

HVAC energy use while enhancing thermal stability and user comfort. The observed savings of 32–38% exceed those 

reported for current commercial smart thermostats (12–25%), confirming that a fully distributed control approach yields 

measurable benefits. 

This advantage primarily arises from three synergistic mechanisms: 
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1. Predictive anticipation — the model forecasts thermal drift and compensates before discomfort thresholds are reached, 

avoiding reactive overshoot; 

2. Occupancy-based zoning — inactive rooms are automatically shifted into energy-saving states, while occupied zones are 

prioritized; 

3. Dynamic coordination — the reinforcement learning layer optimizes timing and intensity of heating among zones, 

minimizing simultaneous high-load events. 

The experimental comfort data further demonstrate that adaptive control not only saves energy but also enhances perceived 

comfort due to reduced temperature oscillations. Traditional thermostats maintain comfort within a narrow average band but 

frequently overshoot, resulting in cyclical discomfort peaks. The adaptive algorithm, in contrast, minimizes these fluctuations 

through continuous prediction of state transitions. 

The results corroborate prior findings in model-predictive and reinforcement learning control for building systems. Capozzoli 

et al. (2021) demonstrated that MPC-based HVAC optimization in office buildings reduced energy use by 28%, while 

maintaining temperature deviations under ±0.7 °C. Similarly, Zhao et al. (2023) reported a 30% reduction using deep 

reinforcement learning for adaptive comfort control. 

However, most earlier studies relied on centralized control architectures. The current research extends those concepts by 

embedding the learning capability directly within each zone node, forming a self-organizing, mesh-based control topology. 

This decentralization eliminates communication bottlenecks and increases system resilience, particularly valuable for retrofit 

installations without complex wiring. 

Moreover, whereas most commercially available systems (Nest, Ecobee, Tado) depend heavily on cloud processing for 

learning and optimization, the present approach demonstrates that local embedded intelligence can achieve comparable or 

superior performance with lower latency and improved privacy protection. 

While the experimental study validated the concept under controlled residential conditions, several limitations and scalability 

considerations remain: 

- Learning time: initial adaptation required about one week to converge toward optimal policies. In larger buildings with 

slower thermal dynamics, convergence could take longer, although transfer learning techniques may reduce this period. 

- Sensor calibration: performance depends on accurate multi-sensor calibration. Variability in occupancy detection (e.g., due 

to pets or intermittent movement) can occasionally produce false unoccupied signals, momentarily reducing comfort. 

- Inter-zone coupling: thermal interaction between adjacent rooms can complicate control decisions. Future models could 

explicitly incorporate thermal coupling matrices to predict cross-zone heat transfer. 

- Data privacy and security: despite local processing, wireless mesh communications must ensure encryption and 

authentication to prevent malicious interference. 

Despite these limitations, the approach remains technically and economically feasible. Low-power IoT hardware (e.g., 

Thread or Zigbee nodes) enables retrofitting in both existing and new homes without extensive rewiring. Furthermore, 

integration with upcoming smart home frameworks will facilitate broader adoption. 

From a policy perspective, distributed adaptive HVAC control aligns with decarbonization and demand-response goals 

articulated in the U.S. DOE’s «Building Energy Codes Program» (2023). By smoothing peak demand, such systems could 

reduce grid congestion and enhance renewable energy utilization through load shifting. 

The adaptive control also supports user-centric comfort management, advancing beyond prescriptive efficiency standards 

toward performance-based optimization. Integration with dynamic pricing models could further incentivize adoption, by 

allowing systems to autonomously reduce heating power during high-tariff periods and preheat under low-tariff conditions 

(as suggested by Li et al., 2022). 

Conclusion 

This study demonstrated that adaptive zonal heating optimization using machine learning substantially enhances both energy 

efficiency and thermal comfort in residential environments. Experimental results over six weeks confirmed a 37.6% average 

reduction in energy consumption and a 45% improvement in comfort stability compared with traditional thermostat-based 

control. 

By integrating predictive thermal modeling, reinforcement learning, and decentralized coordination, the proposed control 

framework successfully balances comfort and efficiency across independent zones. Compared with leading commercial 

smart thermostats, the adaptive system achieved up to 15% additional energy savings while maintaining fully local 

autonomy. 

Future research will focus on: 
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- Extending the model to cooling and hybrid HVAC systems; 

- Implementing federated learning to share anonymized optimization patterns across buildings; 

- Exploring renewable-energy-aware control (e.g., solar gain prediction and PV integration). 

These results indicate that adaptive, self-learning zonal control represents a viable path toward next-generation energy-

efficient smart homes and contributes to the broader goal of sustainable, intelligent building ecosystems. 
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