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Abstract

The operational energy performance of residential buildings consistently falls 15-50% below design
projections, a discrepancy that neither improved simulation fidelity nor tighter envelope specifications
have resolved across three decades of building science research. The root cause lies not in
measurement error but in the structural incompatibility between the deterministic assumptions of
conventional building energy models and the stochastic reality of occupant behavior, envelope aging,
and equipment drift in service. This paper argues that adaptive distributed control architectures,
comprising per-zone sensor-actuator nodes operating over mesh communication networks and guided
by physics-informed predictive algorithms, address this incompatibility at its source, and that thermal
regulation and structural health monitoring are functionally inseparable at the system design level
rather than parallel independent fields. The argument is developed through analysis of three
engineering systems documented in recent applied research and patent literature, alongside a
synthesis of published work in model predictive control, reinforcement learning, and structural
monitoring. Empirically observed outcomes include a 37.6% reduction in HVAC energy consumption
relative to conventional thermostat control, a 76% improvement in power supply reliability under
distributed micro-grid management, and envelope airtightness at 0.42 ACH50, below passive house
certification thresholds. The convergence of these results across independent system implementations
supports the proposition that behavioral model quality, rather than hardware specification alone,
constitutes the binding constraint on built environment performance.
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Introduction details

A 1994 field study of a purpose-designed low-energy office building in Princeton, New Jersey,
produced results that proved more instructive as a diagnostic than as a demonstration: measured
energy consumption was approximately twice the predicted value, despite state-of-the-art envelope
design and mechanical systems [11]. The investigators traced the discrepancy not to construction
defects but to behavioral and operational variables that the design models had treated as fixed
parameters, including occupancy density, internal gains from plug loads, and HVAC scheduling practice.
Two decades later, de Wilde (2014) reviewed the accumulated literature and found that the gap
between predicted and measured energy performance remained structurally unchanged at 10-50%
across building types and climate zones, driven primarily by the same category of factors. The
persistence of this range across generations of building simulation tools suggests that the problem is
not primarily computational. The control systems deployed in most buildings are not designed to
observe, learn, or adapt to the occupant behavior that determines actual energy demand, and no
refinement of static simulation can compensate for that absence.

The trajectory of control engineering over the same period has produced tools precisely suited to
this problem. Model predictive control (MPC), which formulates climate regulation as a constrained
optimization over a receding time horizon using a predictive plant model, has been applied to building
HVAC systems in controlled research settings since the mid-2000s [2]. Reinforcement learning (RL) has
more recently demonstrated the capacity to learn effective control policies without requiring an explicit
plant model, deriving policy instead from environmental feedback accumulated during deployment
[15]. Both approaches require, as a prerequisite, the kind of dense spatially distributed sensing that
single-thermostat building control architectures do not provide.

The emergence of low-power IEEE 802.15.4 mesh networking, embedded microcontrollers capable
of running local inference, and factory-integrated sensor modules has removed the hardware barriers
to distributed sensing in residential buildings. The conceptual barrier that remains is less often
acknowledged: the framing of thermal regulation and structural health monitoring as separate
engineering disciplines applied to the same physical asset. Thermal gradients, moisture accumulation,
and cyclical mechanical loading from HVAC operation are among the principal drivers of long-term
envelope degradation [10][7]. A control system that monitors thermal state continuously and with
spatial resolution generates, as a byproduct, a dataset relevant to structural condition assessment,
provided the system is designed from the outset to retain and interpret that dataset.

Methodology details

Buildings are treated here as cyber-physical systems in the formalization proposed by Lee (2008):
assemblies in which computational processes and physical dynamics are coupled through continuous
sensing, actuation, and feedback. The relevant physical state of a building at any given moment is not
adequately described by a single temperature reading at a central thermostat. It encompasses the
thermal state of each occupied zone, the current and projected envelope heat transfer rates, the
moisture distribution across structural interfaces, and the mechanical stress state of joints subjected to
thermal cycling. A control system sampling only a fraction of this state vector operates under persistent
informational deficit, and its decisions will reflect that deficit in proportion to the variability of the
unobserved variables.

The control architectures under analysis span two paradigms deployed in hybrid configurations. MPC
selects control actions by solving, at each timestep, a constrained optimization problem that projects
system trajectories over a finite future horizon using a learned or physics-derived thermal model of
each building zone [2]. In residential applications with 6-12 zones and 30-minute horizons, this is
tractable on embedded hardware. RL trains a policy function mapping observed states to actions by
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maximizing accumulated reward across episodes of environmental interaction [15], with the reward
function encoding energy minimization penalized by comfort deviation. Hybrid architectures that use
physics-informed neural networks (PINNs) as plant models within an RL optimization loop combine the
sample efficiency of model-based prediction with the adaptability of policy learning, a configuration
increasingly reported in recent building control literature [17].

Structural health monitoring enters this framework as a second-order observational layer. The
classical SHM paradigm identifies structural damage as statistically significant departure from a
reference modal signature; vibration-based methods detect changes in natural frequencies, damping
ratios, or mode shapes that indicate stiffness loss or mass redistribution [7]. In thermally monitored
buildings, an analogous reference-departure logic applies to envelope interface conditions: anomalous
temperature gradients across insulated joints, persistent humidity above equilibrium levels, or
asymmetric thermal response between structurally equivalent zones can each signal envelope
degradation before visible damage manifests. Realizing this potential requires that the sensing
infrastructure used for thermal control retain spatially referenced time-series data at sufficient
resolution for retrospective structural analysis, a design requirement that has not been systematically
incorporated into building automation standards.

Case Systems

Three engineering systems were selected for empirical analysis on the basis of a single criterion: each
provides verifiable documentation of distributed per-zone sensing integrated with adaptive control
logic and envelope-level structural specifications. This combination appears frequently in the research
literature as a design proposal but infrequently in published applied implementations with field
performance data, which limits the empirical basis on which theoretical claims about integrated
distributed control can be evaluated.

SmartThermMesh is a distributed loT climate control system whose per-zone sensor-actuator nodes
communicate over a Thread mesh network (IEEE 802.15.4). Each node integrates temperature,
humidity, passive infrared occupancy, and solar irradiance sensors with direct control of radiator valve
position or duct damper aperture. The coordination layer executes a hybrid MPC-RL loop: a PINN
forecasts zone temperatures over a 30-minute horizon, and a Deep Q-Learning agent determines
optimal actuation sequences subject to ISO 7730 comfort constraints. [12] presents the experimental
evaluation of this system across eight zones in a 160 m? cold-temperate residence over a 45-day winter
period, providing the primary empirical dataset for thermal control performance in the present
analysis.

SolarHomeHub is a hybrid micro-grid architecture integrating rooftop photovoltaic generation,
lithium iron phosphate energy storage, a bidirectional hybrid inverter, and a smart energy management
system executing priority-based load dispatch with forecast-informed charging routines and automatic
island-mode transition. [13] documents deployment across 30 apartment units in a 1974-era
residential complex over 18 months of continuous monitoring, yielding a dataset of over 8 million one-
minute operational records spanning power generation, battery state-of-charge, grid exchange, and
load consumption.

EcoFlipFrame is a modular prefabricated renovation system in which wall, floor, and ceiling panels
with integrated structural framing, continuous polyurethane insulation, pre-routed HVAC conduits,
electrical harnesses, and IoT sensor nodes are assembled under a digital installation algorithm that
verifies connector engagement via embedded proximity sensors and updates a BIM-linked digital twin
after each confirmed placement. Panel thermal performance was evaluated under ASTM C1363 and
ISO 9869; airtightness testing followed ASTM E779 and EN 13829 protocols.
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Statistical significance of energy consumption differences in the SmartThermMesh dataset was
assessed using paired-sample t-tests at significance thresholds of a = 0.01 for energy variables and a =
0.05 for comfort indices.

Results details

Rakhimov (2025a) reports mean daily energy consumption under adaptive ML zonal control of 39.4
kWh against 63.2 kWh under conventional single-thermostat baseline, a 37.6% reduction significant at
p < 0.01. Intermediate rule-based multi-zone control, implementing per-room thermostats with fixed
schedules but no predictive optimization, achieved 21.2% savings. The 16.4 percentage point difference
between rule-based and adaptive outcomes isolates the contribution of predictive coordination
beyond spatial disaggregation, and this increment is the theoretically substantive finding: zone
disaggregation and adaptive predictive learning are independent and compounding mechanisms, not
substitutes.

Mean indoor temperature deviation fell from 1.4°C under baseline conditions to 0.6°C under
adaptive control. The ISO 7730 Predicted Percentage Dissatisfied index decreased from 17.3% to 9.5%,
crossing below the 10% acceptability threshold. Analysis of diurnal load profiles revealed peak demand
reductions of up to 35% in the 07:00-09:00 window, attributable to the predictive layer pre-
conditioning zones ahead of occupancy rather than responding to temperature shortfall after it
develops [9]. This anticipatory pattern is precisely the behavior that differentiates MPC-guided systems
from reactive thermostat control in building energy literature [3].

The RL agent's convergence trajectory merits attention in its own right. Energy variance was elevated
during the first five deployment days, reflecting the agent's early exploratory behavior. From day six
onward, consumption declined to a stable minimum reached by days eight to nine. PINN forecasting
error decreased from a mean absolute value of 0.82°C in week one to 0.43°C in week six as the thermal
model accumulated zone-specific response data. These convergence characteristics are consistent with
field results from self-tuning RL thermostat deployments documented by Chen and Wang (2020), and
with policy stabilization timescales reported by Zhao et al. (2023) for deep RL in multi-zone commercial
buildings, suggesting that one-to-two-week adaptation periods are a generalizable feature of this class
of control architecture in residential thermal environments.

Against published field benchmarks for commercial smart thermostats — Nest Learning Thermostat
at 12-15%, Ecobee SmartThermostat at 15-20%, Tado radiator valve system at 20-25% — the adaptive
ML system achieved 15-22 percentage points higher savings while executing all control logic locally,
without cloud dependency, at latencies in the tens of milliseconds. Cloud independence is operationally
significant beyond the performance metric: it eliminates the failure mode in which HVAC control
degrades under internet outage, a condition that disproportionately coincides with the severe weather
events that drive peak heating demand.

Energy Autonomy and Supply Reliability

The retrofit deployment documented by [13] produced a 35% reduction in annual grid energy
imports, from 310 MWh to 202 MWh, across 30 residential units in the first year of operation. Solar
generation covered 38-45% of total annual demand in summer months and 18% in winter; battery
dispatch contributed an additional 28% year-round through load shifting and nighttime discharge. The
self-consumption ratio increased from approximately 0.41 pre-retrofit to 0.74 post-retrofit, indicating
that nearly three-quarters of locally generated energy was consumed on-site [4]. The EMS's forecast-
informed charging routines pre-loaded batteries to 90% state-of-charge when 24-hour weather
forecasts predicted low solar availability, and shifted controllable loads to solar peak periods through
predictive scheduling of shared building equipment.
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System Average Interruption Duration Index decreased from 8.7 hours per apartment per year to 2.1
hours, a 76% improvement, achieved through automatic island-mode formation with a mean transition
time of 8 milliseconds across five documented winter grid interruptions, each resolved without
interruption to critical circuits [5]. Adaptive depth-of-discharge control reduced mean discharge depth
from 82% to 67%, extending projected battery lifespan from 8 to 11 years without sacrificing backup
capacity, consistent with cycle-life optimization findings for LiFePO, systems under similar dispatch
logic reported by Zhang et al. (2024). Power quality metrics remained within EN 50160 limits
throughout: voltage deviation averaged 2.5% of nominal and harmonic distortion at inverter output
averaged 2.7%.

Envelope Integrity and Structural Documentation

Wall panels tested under ASTM C1363 achieved a mean thermal resistance of RSI 5.0 m*K/W (R-
28.4), compared to RSI 2.3-2.8 for conventional fiberglass-insulated stud walls, a 70-90% improvement
in envelope thermal resistance traceable to the continuous polyurethane core geometry and thermally
broken aluminum edge profiles [8]. Ceiling modules reached RSI 6.2. Blower-door testing under EN
13829 yielded 0.42 ACH50, below the passive house certification threshold of 0.6 ACH50. Finite
element simulation confirmed that edge-related thermal bridge losses account for less than 3% of total
envelope heat transfer, against 15-20% in conventional timber-framed assemblies.

The digital assembly algorithm's real-time connector verification logged successful engagement for
98.7% of panel placements without requiring manual correction, and generated a timestamped BIM
record linked to each panel's RFID identifier after every confirmed placement [16]. This produces an as-
built geometric and connective reference for every interface in the assembled envelope at installation
time. The structural health monitoring implication of this documentation architecture is not incidental.
In conventional construction, the internal condition of a completed wall at the moment of closure is
unrecorded; post-occupancy anomaly detection can only compare current sensor readings against
design specifications that are not spatially individualized. In an RFID-documented modular system, each
interface has a known installation-time state against which subsequent humidity, temperature, or
acoustic emission readings can be compared to identify degradation attributable to joint failure,
moisture ingress, or thermal bridge formation. Accelerated aging tests at 60°C, 90% relative humidity
for 1000 hours produced no delamination or condensation in panel cross-sections, confirming bond
stability under the thermal-moisture cycling that constitutes the primary long-term degradation
mechanism for prefabricated envelope assemblies.

Conclusion and discussion details

The 16.4 percentage point performance gap between rule-based zonal control and adaptive ML
control in the SmartThermMesh field trial is the result that most directly challenges the standard policy
framing of building energy efficiency improvement. The dominant response to the building
performance gap has focused on upgrading physical components: insulation levels, window U-values,
HVAC seasonal efficiency ratings. The SmartThermMesh data indicate that two buildings with identical
hardware, one governed by fixed zone schedules and one by adaptive predictive control, will differ in
measured energy consumption by an amount comparable in magnitude to a full envelope upgrade.
Capozzoli et al. (2021) documented 28% energy reductions in MPC-optimized office HVAC achieved
without any hardware modification, the gain arising from the control layer's capacity to exploit thermal
inertia as a managed energy storage element rather than treating it as a source of control lag. The
mechanism is identical in both cases: anticipatory actuation converts the thermal mass of the building
structure from a passive buffer into a resource that the control algorithm schedules.

The SolarHomeHub results extend this logic to the electrical energy dimension of building operation.
The 35% reduction in grid imports and the 76% improvement in outage duration documented by [13]
cannot be attributed primarily to photovoltaic and storage hardware; systems of comparable hardware
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specification without intelligent dispatch achieve substantially lower self-consumption ratios in the
comparative literature [1]. The performance increments arise from the EMS's forecast-informed
sequencing of charge and discharge decisions, and from its capacity to prioritize load dispatch in order
of operational criticality rather than applying uniform connection or disconnection policies. This
behavioral component, the system's capacity to model its own future energy state and act on that
projection, is precisely the property that distinguishes adaptive control from reactive control, and it is
this property, rather than panel efficiency or battery chemistry, that determines reliability outcomes
under supply-constrained conditions.

The EcoFlipFrame assembly verification data introduce a structural monitoring argument that merits
independent development beyond the scope of this paper. [6] established the theoretical case for BIM
as a lifecycle asset management tool, but the specific pathway from installation-time digital
documentation to post-occupancy structural condition assessment has received limited formalization.
The RFID-BIM linkage in the EcoFlipFrame system instantiates a reference-departure monitoring logic
that is structurally homologous to the modal analysis paradigm in vibration-based SHM described by
Farrar and Worden (2012): damage is operationally defined as statistically significant departure from a
known reference state. What the modular prefabricated system contributes, relative to conventional
SHM applications, is that the reference state is not extracted retrospectively from a completed
structure by post-commissioning modal testing. It is generated automatically as a byproduct of the
guided installation process. This means that structural monitoring sensitivity is highest at the panel
interfaces where mechanical and thermal loads concentrate, because those are precisely the locations
for which the reference state is most accurately known.

Three limitations bound the evidentiary scope of the claims advanced here. The SmartThermMesh
field trial involved a single residence over one winter season; generalizability of the 37.6% energy
reduction across building typologies, envelope qualities, occupancy configurations, and climate zones
requires multi-site longitudinal study. The SolarHomeHub data, while spanning 30 units over 18
months, derive from a single architectural typology, prefabricated concrete panel blocks of a specific
construction era, and performance parameters in structurally and thermally distinct housing stock
remain undocumented. The EcoFlipFrame structural performance data are laboratory-derived and
accelerated-aging-derived; in-service longitudinal evidence over multi-year operational periods in
varying climatic conditions has not been published. These constraints are characteristic of early-stage
applied systems research. They define a replication program rather than a refutation of the theoretical
argument.

Norford et al. (1994) concluded their analysis of the Princeton building discrepancy by
recommending that the field develop better tools for tracking the behavioral and operational variables
that design models cannot represent. The sensing and computation infrastructure required to
implement that recommendation has existed for a decade. The systems examined here demonstrate
that it can be deployed at residential scale, at economically viable cost, and with performance
outcomes that material-focused efficiency strategies cannot replicate independently. What remains
underdeveloped is the integrative theoretical framework that would treat thermal monitoring, energy
dispatch, and structural health assessment as interdependent observational functions of a single
distributed sensing layer rather than as parallel disciplines applying different analytical tools to the
same physical substrate.

Adaptive distributed control, implemented through mesh-networked sensor-actuator architectures
guided by physics-informed predictive algorithms, produces energy consumption reductions, reliability
improvements, and envelope integrity documentation that material upgrading and hardware
specification cannot replicate in isolation. The 37.6% HVAC energy reduction achieved under the
SmartThermMesh control architecture relative to conventional thermostat operation, the 76% outage
duration reduction under the SolarHomeHub micro-grid, and the sub-passive-house airtightness of
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EcoFlipFrame modular assemblies each reflect a common underlying mechanism: that the behavioral
state of a building, the occupancy, load, and climatic variables that determine actual energy demand,
must be continuously observed, modeled, and incorporated into control decisions if the gap between
designed and measured performance is to be structurally resolved. The further implication, that the
sensing infrastructure required for thermal adaptive control is the same infrastructure capable of
supporting structural health monitoring when designed with that dual function in mind, points toward
a research program in which thermal management and structural assessment are developed as
integrated rather than parallel engineering disciplines applied to residential built environments.

References

[1] Baker, T., Kumar, R., & Singh, P. (2024). Cellular architectures for resilient community micro-grids: A
comparative review. IEEE Access, 12, 45112-45131. https://doi.org/10.1109/ACCESS.2024.3301123

[2] Camacho, E. F., & Alba, C. B. (2013). Model predictive control (2nd ed.). Springer.

[3] Capozzoli, A., Piscitelli, M. S., & Serale, G. (2021). Model predictive control for building energy
optimization: A comprehensive review. Renewable and Sustainable Energy Reviews, 147, 111216.
https://doi.org/10.1016/j.rser.2021.111216

[4] Chen, Y., & Wang, S. (2020). Development of a reinforcement learning-based self-tuning thermostat for
energy-efficient buildings. Energy and Buildings, 209, 109706.
https://doi.org/10.1016/j.enbuild.2019.109706

[5] de Wilde, P. (2014). The gap between predicted and measured energy performance of buildings: A
framework for investigation. Automation in Construction, 41, 40-49.
https://doi.org/10.1016/j.autcon.2014.02.009

[6] Eastman, C., Teicholz, P, Sacks, R., & Lee, G. (2011). BIM handbook: A guide to building information
modeling for owners, designers, engineers, contractors, and facility managers (2nd ed.). Wiley.

[7] Farrar, C. R., & Worden, K. (2012). Structural health monitoring: A machine learning perspective. Wiley.

[8] Lee, E. A. (2008). Cyber physical systems: Design challenges. In Proceedings of the 11th IEEE
International Symposium on Object Oriented Real-Time Distributed Computing (pp. 363-369). IEEE.
https://doi.org/10.1109/1SORC.2008.25

[9] Li, X., Zhao, L., & Yao, J. (2022). Occupant-centric model predictive control for residential HVAC systems
considering dynamic electricity pricing. Applied Energy, 307, 118269.
https://doi.org/10.1016/j.apenergy.2021.118269

[10] Lstiburek, J. W. (2010). Builder's guide to mixed-humid climates. Building Science Press.

[11] Norford, L. K., Socolow, R. H., Hsieh, E. S., & Spadaro, G. V. (1994). Two-to-one discrepancy between
measured and predicted performance of a "low-energy" office building: Insights from a reconciliation
based on the DOE-2 model. Energy and Buildings, 21(2), 121-131. https://doi.org/10.1016/0378-
7788(94)90005-1

[12] Rakhimov, F. (2025a). Optimization of zonal heating using adaptive machine learning algorithms.
International Journal of Scientific Research in Engineering and Management, 9(11).
https://doi.org/10.55041/1)SREM54505

[13] Rakhimov, F. (2025b). Practical experience of micro-grid integration in aging residential buildings.
International Journal of Sciences and Innovation Engineering, 2(11).
https://doi.org/10.70849/897187240797

[14]  Schmidt, F., & Roux, M. (2024). Economic performance of multi-tenant micro-grids in Central Europe.
Energy Economics, 126, 106278. https://doi.org/10.1016/j.eneco.2024.106278

[15] Sutton, R.S., & Barto, A. G. (2018). Reinforcement learning: An introduction (2nd ed.). MIT Press.

[16] Zhang, L., He, P., & Wei, T. (2024). Cycle-life optimization in lithium-iron-phosphate battery systems for
residential micro-grids. Journal of Energy Storage, 72, 112477.
https://doi.org/10.1016/j.est.2024.112477

[17] Zhao, X., Liu, Q., & Zheng, C. (2023). Deep reinforcement learning for adaptive comfort control in smart
buildings. Energy and Al, 13, 100241. https://doi.org/10.1016/j.egyai.2023.100241

46



	Abstract
	Keywords
	JEL Classification
	Introduction details
	Methodology details
	Results details
	Conclusion and discussion details

	References

