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ABSTRACT: Building sectors in China contributes more than 40% of the total national energy consumption, and
thus efficient control of energy is important in meeting the 2-carbon target. This paper proposes QEMES–ASHP
(Quantum-Enhanced Multi-Physics Energy Simulation with Air Source Heat Pump integration) as a real-time platform,
combining thermal, electrical, and fluid dynamics modelling with adaptive control using AI. The main innovations
of the framework include: (i) real-time multi-physics coupling, in which modelling heat–power–airflow interactions
under dynamic climate conditions, (ii) machine learned system switching in solar–ASHP–PCM systems, and (iii)
fractal-based time modelling, which uses a Brownian motion at fractional scales to account for energy demand
fluctuations between microsecond and season scales and quantify uncertainty in a Bayesian uncertainty quantification
for robust predictions. The quantum enhancement is the utilization of a variational quantum linear solver (VQLS),
accelerating large-scale coupled matrices, with up to 20% faster convergence than classical solvers, and is compatible
with classical HPC resources. Integration-first simulation paradigm is a name that characterizes the steady integration of
various physics, predictive AI control, and uncertainty quantification into an integrated, real-time operation structure.
Validation was carried out at a 200 m2 IoT-instrumented test structure in 5 Chinese climate zones (hot-humid, hot-
dry, temperate, cold, severe cold) and a 150+ sensor count constantly recording data over twelve months. Based on
QEMES–ASHP as the reference, the findings indicate 31%–35% yearly energy savings, 15%–30% peak load saving, and
PMV-based thermal comfort with the range of ±0.15, which is better than an advanced façade, radiant cooling, and
thermal system with TES (p < 0.001). Computational speed was 20 percent faster, with the economic analysis paying
back in 4.2 years. Life-cycle analysis suggests a 30%–40% decrease in the number of CO2 emissions, which will be
directly part of the carbon neutrality in China in 2060. QEMES–ASHP illustrates a simulation methodology that is
both holistic and replicable, providing practical recommendations to architects, HVAC engineers, and policymakers
who design next-generation net-zero smart buildings in a variety of Chinese climates.

KEYWORDS: QEMES–ASHP (Quantum-enhanced multi-physics energy simulation with air source heat pump
integration); building energy optimization; multi-physics coupling; AI-driven thermal control; hybrid solar–ASHP–
PCM systems; IoT-enabled smart buildings; fractal temporal modelling; Bayesian uncertainty quantification

1 Introduction
The construction industry is one of the energy-intensive fields in the world, consuming about 40 percent

of the total energy use along with a significant percentage of the greenhouse gas emissions globally [1].
This issue is especially acute in China, where the construction industry takes more than 40 percent of
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the national energy resources, and, accordingly, an efficient energy management system is the key to
meeting the ambitious goals of the nation in the field of carbon peaking by 2030 and carbon neutrality by
2060 [2,3]. This rapid urbanization trend, where more than 60 percent of China’s population is now living
in urban environments, has contributed to the pressure in seeking energy-saving building technologies that
can perform in different climatic zones, such as moist hot tropical climates to extreme cold continental
climates [4,5].

Conventional building energy simulation methods are characterized by underlying constraints in the
capability to handle building complexity in contemporary smart buildings. Traditional models are generally
single-physics models that do not sufficiently describe complex relationships between thermal, electrical, and
fluid dynamics of building systems that coexist at the same time [6,7]. The techniques tend to use constant
values of operation and cannot follow the changes of the environment, leading to a huge discrepancy between
the forecasted and actual performance of energy [8]. Moreover, the current simulation models are not real-
time; hence, their applicability in the adaptive control system, where a response to the changing conditions
must be fast, is constrained [9,10].

Additional complexity brought by the incorporation of renewable power systems, such as solar pho-
tovoltaic, air source heat pumps (ASHP), and phase change materials (PCM), lies outside the reach of
conventional simulation techniques [11–13]. The existing methods normally treat the systems separately,
without considering the synergistic actions and optimal switching schemes, which might considerably
improve the overall system operations [14,15]. This is especially a problem with hybrid systems, where the
optimum design can change depending on the real-time weather, occupancy, and fluctuations in energy
demand [16,17].

Recent developments in artificial intelligence and machine learning can prove effective in proposing
energy optimization [18,19]. Nevertheless, the majority of current methods of AI implementation pay
attention to individual building performance components, e.g., HVAC control or energy prediction, and do
not address the multi-physics processes that essentially control the behavior of buildings’ energy [20,21].
Moreover, such techniques do not have sound uncertainty quantification tools, and they cannot be used in
critical infrastructure projects where reliability is of utmost importance [22,23].

With the advent of quantum computing technologies, new opportunities based on solving computa-
tionally intensive optimization problems in the development of energy systems are unprecedented [24].
Variational quantum algorithms have demonstrated specific advantages in solving large-scale linear prob-
lems, in which multi-physics simulations rely [25,26]. Nevertheless, quantum-enhanced building energy
simulation is a research void with a high potential impact, having been discovered only to a small
degree [27,28].

The existing building energy management systems are also characterized by time modelling problems;
they generally rely on time constants that cannot represent the fractal characteristics of the energy demand
patterns [29]. Building energy use has self-similar behavior at many scales, ranging down to electrical
oscillations of a few microseconds, and up to seasonal building thermal cycles, and demands a complex of
mathematical models that can model this multi-scale nature [30]. Diffusion phenomena cannot be predicted
by traditional methods with homogeneous time discretization, resulting in inefficient control choices and
suboptimal system performance.

The literature gaps identified in the research also demonstrate some of the key challenges, which include:
(1) the lack of complete multi-physics coupling models that can operate in real time, (2) the lack of integration
of quantum-enhanced computational approaches to construct energy applications, (3) the lack of temporal
modelling approaches that can characterize the multi-scale energy demand fluctuations, (4) the lack of
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uncertainty quantification in AI-based building control systems, and (5) the lack of validation across climate
zones to provide a broad range of applicability.

This research is aimed at eliminating these constraints by proposing a new real-time framework,
QEMES–ASHP (Quantum-Enhanced Multi-Physics Energy Simulation with Air Source Heat Pump inte-
gration), which has been developed to combine the fundamental modelling of thermal, electrical, and fluid
dynamics with AI-assisted adaptive control. This study was inspired by the necessity to enhance highly
developed simulation technologies that could facilitate the carbon neutrality goals in China and offer viable
solutions to the next generation of smart buildings. The three major innovations proposed include real-
time multi-physics coupling, which models heat-power-airflow interactions in dynamic scenarios; machine
learning-based hybrid system switching, which models the optimum interaction of solar–ASHP–PCM; and
fractal-based temporal modelling, which models the fluctuation in energy demand across various time scales
using a process called fractional Brownian motion.

In the quantum enhancement quantum solver, the solution of large-scale coupled matrices in multi-
physics simulations is accelerated using a variational quantum linear solver (VQLS), which is compatible
with large-scale classical high-performance computing resources. This is a solution to the computational
bottleneck, which has been a limitation in the ability of real-time multi-physics simulation to be used in
building applications.

The study aims and objectives will be to: (1) develop and validate a developed model of comprehensive
quantum-enhanced multi-physics simulation model of building energy systems, (2) test the performance of
the fractal based temporal models coupled with Bayesian quantification of uncertainty in order to generate
robust predictive capability, (3) test the performance of AI based methods of adaptive control of hybrid
renewable energy systems, (4) test the performance of the research on large scale experimental validation in
various regions across China in order to ensure a large scale of applicability to the hybrid climatic areas, and
(5) provide actionable guidelines for practical implementation in next-generation smart buildings.

This study has had several important implications for building energy simulation and sustainable
building technologies:

1. Novel Quantum-Enhanced Multi-Physics Framework: Development of QEMES–ASHP, the first real-
time quantum-enhanced simulation platform that simultaneously couples thermal, electrical, and fluid
dynamics with AI-driven adaptive control. The integration of variational quantum linear solver (VQLS)
achieves 20% faster convergence compared to classical solvers while maintaining compatibility with
existing HPC infrastructure.

2. Advanced Fractal-Based Temporal Modelling: Fractional Brownian motion-based temporal mod-
elling proposes and introduces an extension of one-dimensional temporal modelling that is able to
describe the energy demand variations at a wide range of time scales, down to microsecond-scale cycles,
up to seasonal cycles. This is used in conjunction with Bayesian quantification of uncertainty that offers
unparalleled accuracy in forecasting building energy behavior in dynamic settings.

3. AI-Driven Hybrid System Optimization: Training of adaptive switching algorithms based on machine
learning to optimally integrate solar–ASHP–PCM systems. The system is dynamically configured based
on real-time environmental conditions, occupancy patterns, and energy demand forecasts in response
to the framework.

4. Comprehensive Multi-Climate Validation: Multiple-stage extensive experimental validation of five
different Chinese climate regions (hot-humid, hot-dry, temperate, cold, severe cold) in a 200 m2

IoT-instrumented test building with 150+ sensors over 12 months, which shows wide applicability
and strength.
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5. Integration-First Simulation Paradigm: Development of a new simulation framework that fully
combines multiple physics domains, predictive artificial intelligence control, and quantification of
uncertainty within one framework of operation, without the current disjointed way to construct
energy modelling.

6. Practical Implementation Framework: Many architects, HVAC engineers, and policymakers are
currently given practical implementation guidelines and design principles to achieve a new gen-
eration of net-zero smart buildings, which combine the capabilities of advanced simulators with
practical implementation.

7. Carbon Neutrality Impact Assessment: Measurable reduction of life-cycle CO2 emissions
(30–40 percent) that would offer a direct mechanism by which the 2060 carbon neutrality goals of China
could be attained, by optimizing building energy consumption, which can be replicated nationwide.

The importance of this study is that it can change the way building energy simulation is performed (a) by
the use of single-physics models, which do not operate in real-time, and (b) by fully integrated multi-physics
models, which can operate in real-time. With the demonstration of a new paradigm of energy-efficient
building design and operation between the advanced methods of quantum computing and the practical
applications of building construction, the present work contributes to the future objectives of sustainable
urbanization and the goals of climate action as expressed in Table 1:

The rest of this paper is structured in the following way. Section 2 includes a literature review with
an overview of the previous research on multi-physics building simulations, AI-based energy management,
and quantum-enhanced computational methods. Section 3 explains the proposed methodology of QEMES–
ASHP, such as the multi-physics modelling system, AI control, quantum-enhanced solver, and fractal-based
time prediction. Section 4 presents the experimental arrangement and testbed design, details the smart
building specifications, multi-climate zone testing, comparison of the base systems, and the data gathering
protocols. Section 5 discusses the implementation, including the software architecture, hardware require-
ments, algorithm optimization, and system validation. Section 6 gives the results and analysis with energy
performance, thermal comfort analysis, economic analysis, environmental impact analysis, and comparative
performance to other base systems. Section 7 is the discussion of the findings, which includes technical inno-
vations, implications of the findings, policy considerations, limitations of the research, and future research
directions. Lastly, Section 8 provides a final section of the paper that summarizes the major contributions of
QEMES–ASHP and its replication framework of net-zero smart building energy management.

2 Literature Review

2.1 Building Energy Simulation and Multi-Physics Modelling
Conventional methods of building energy simulation have mainly been based on single-physics models,

which are unable to adequately depict the multifaceted relationships that exist in the contemporary smart
building. A thorough review of dynamic thermal simulation done by using building information modelling
performed by Hosseini et al. [11] revealed the necessity of an integrated approach capable of modelling multi-
domain interactions. Their results showed that traditional simulation models can often not be effective in
the prediction of real-life energy performance because they make simplified assumptions and do not heavily
interact with various physical processes.
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In recent years, much focus has been directed towards the development of multi-physics coupling
frameworks. Han et al. [9] introduced a multi-layered reactor concept of calcium-based multi-physics
coupled thermochemical heat storage, where simultaneous consideration of heat transfer, mass transfer, and
chemical reaction rate is essential. Their work was more successful in providing high-quality performance
due to detailed modelling of the mutual dependencies of the physical processes, which made the basis
of the more advanced uses of building energy. Cheng et al. [6] also dealt with building and managing
validated highly configurable multi-physics building models to analyze the sustainability of multi-energy
systems in co-simulation configurations. In their study, the authors have evaluated the imperative relevance
of real-time capability and validated modelling methods in real practice. But their model did not provide
quantum-enhanced computational speed and fractal-based temporal modelling as used in the present paper.

The computational efficiency problem of multi-physics simulation has been noted to be one of the
biggest bottlenecks to real-time applications. Investigating the role of parameter variance in design-operation
gap in HVAC system control sequences by means of the simulation-dependent studies, Nomura et al.
found that the traditional platform of computer platform calculus is not commonly suitable in giving
timely feedback to adaptive control systems [21]. This drawback highlights the necessity to have sophisti-
cated computing schemes, including quantum-enhanced solvers, in order to have real-time multi-physics
simulation capabilities.

2.2 Phase Change Materials and Thermal Energy Storage Systems
Phase change materials have become a very essential element in the optimization of building energy,

and provide a huge opportunity because they can be thermally regulated and stored. The viewpoint of PCM
as passive systems simulated by Aghoei et al. [1] in envelopes of opaque buildings proved the potential
of significant energy saving. Their efforts set the theoretical basis of PCM integration but did not include
the capability to fully couple and optimize multi-physics in real-time. Assareh et al. [5] performed a
comprehensive research on the application of PCM in zero-energy buildings with a focus on the integration
of PCM with combined cooling, heating, and power systems on the basis of air source heat pump energy
in Canada and the UAE. Their findings found that there were variations in performance depending on the
climate, and adaptive control mechanisms must be developed that can control system set-up according to
the local environmental conditions.

Rahmanian et al. have investigated advanced PCM applications [24] and came up with a nanofluid-
PCM heat sink that could be used in building-integrated concentrated photovoltaic systems that are capable
of storing and recovering thermal energy. This was limited to certain applications without building scale
integration, and as evidenced by their work, hybrid renewable energy systems were possible. A thorough
review of life cycle assessment of thermal energy storage in building application by Hayatina et al. [10]
revealed the advantages of PCM systems to the environment and the economics of PCM systems. They also
conducted an analysis noting the need to remember long-term sustainability effects, which is to be congruent
with the life-cycle assessment methodology.

2.3 Artificial Intelligence and Machine Learning in Building Energy Management
The application of artificial intelligence in energy management in buildings has demonstrated an

impressive future of optimizing energy use and enhancing the performance of the system. Khan et al. [15] cre-
ated a very vital artificial intelligence-based model that predicts power consumption and power generation
in an intelligent building energy management system and demonstrated a considerable level of improvement
in predicting outcomes. However, they narrowed down their method to forecasting without the real-time
multi-physics interactions and adaptive control. Lee et al. [17] explored machine learning applications in
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thermal energy storage and experimentally analyzed AI-based model predictive control in various conditions
of cooling loads. Their study revealed that the AI-driven control could be effective, but only to a few thermal
systems, which were not integrated extensively across different building subsystems.

Mirjalili et al. [19] performed a comparative analysis of machine learning and deep learning as
approaches to predict the energy balance in hybrid building-renewable energy systems as well. Their review
indicated that deep learning methods tend to be utilized more effectively than other machine learning
models, especially in intricate multi-variable prediction problems. Nonetheless, their effort did not imply
quantification of uncertainty that underlines a credible building energy management. Na and Wang [20]
have also investigated the use of the Bayesian approach on the construction of an energy system by creating
an urban-scale energy model to calibrate building energy use of space heating in Beijing. Their Bayesian
approach offered a solid quantification of uncertainty that formed the theoretical basis of the Bayesian
uncertainty quantification aspect of the QEMES–ASHP framework.

The scalability of AI-based solutions that are developed by Selvaraj et al. [26] involves the develop-
ment of smart building energy management and monitoring systems in smart cities based on artificial
intelligence. Their authors also placed a strong emphasis on the significance of integration of IoT and real-
time monitoring, which coincides with the IoT-instrumented validation approach that will be used in the
present study.

2.4 Renewable Energy Integration and Hybrid Systems
Renewable energy systems in buildings have become more complicated, and thus complex optimization

strategies are needed to ensure the highest efficiency and reduce costs as much as possible. Elaouzy and El
Fadar [7] explored building-integrated photovoltaic, photovoltaic thermal, air source heat pump, and green
roof systems and found that large amounts of energy can be saved when this is done correctly. Nevertheless,
their operation was not dynamically optimized or adaptive control in real time. Perrella et al. have conducted
extensive research on solar-assisted heat pump systems [22] and examined the significance of proper control
measures to be used in exploiting solar sources with electric and thermal storage. Their study showed that
smart control algorithms were quite important, but they were only restricted to certain system configurations
without modelling full multi-physics.

Qiu et al. [23] have explored the optimization of integrated systems such as photovoltaic/thermal sys-
tems and air source heat pump systems to supply energy in cold regions to buildings. Their implementation
delivered high energy saving by optimization of the system, but without quantum-improved calculations
and fractal-based temporal modelling as developed in the present study. Aneli et al. [4] examined the way
that solar-assisted thermal and electrical storage heat pumps enhance residential buildings’ energy self-
sufficiency. They also focused their research on the role of storage systems to integrate renewable energy, but
omitted the complicated switching algorithms, which are needed to effectively run hybrid systems.

Wang et al. [30] studied the performance and optimization of new systems of solar-air source heat
pump building energy supply that are equipped with an energy storage system. Their efforts showed that
hybrid renewable energy schemes were feasible, but not extensively tested in multi-climate and quantum-
enhanced optimization.

2.5 Quantum Computing Applications in Energy Systems
Quantum computing in energy systems is an emerging area that has promising potential in addressing

computationally intensive optimization problems. Ajagekar and You [2] proposed a variational quantum
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circuit-based demand response in buildings using a hybrid quantum-classical approach. Their experi-
ment showed that quantum-enhanced methods could be used to construct energy applications, but only
on the demand response without extensive multi-physics modelling. Wang et al. [28] have studied the
recent advances in quantum-enhanced energy systems, where they created a quantum-enhanced predictive
degradation pathway optimization of photovoltaic storage systems by using hybrid quantum-classical
methods. Their study reached high results in terms of the system durability and performance due to
quantum optimization, but managed to target the field of PV systems without integrating schemes on the
building scale.

The possibilities of quantum application to specialized building applications are also evidenced by
the research by Wang et al. [29] on quantum-enhanced forecasting and optimal scheduling of energy
management in photovoltaic greenhouses. Nevertheless, they could only be used in certain agricultural
applications without an integrated system of building energy.

Variational quantum linear solvers have their theoretical basis in the literature of quantum computing
and have been shown to accelerate the solving of large-scale linear systems that are the basis of multi-physics
simulations. Yet, applying VQLS to building energy simulation has not been studied in practice, which is one
of the main research gaps that the present research fills.

2.6 Building Performance Evaluation and Climate Considerations
Climate-sensitive design approaches have been widely examined in various geographical locations. The

study by Kaihoul et al. [13] examined the impact of the climate-responsive design on the hot and dry Algerian
South regions’ thermo and energy performance using simulative studies. They focused on the significance
of climate-specific optimization, but their work was restricted to the conditions of a certain region and was
not extensively tested over a variety of climates. Kalwry and Atakara [14] have examined the design strategies
used to make high-rise buildings’ facades energy efficient by examining sustainable development strategies
that are applicable in reducing energy consumption. Their study has shown that there is a possibility of using
sophisticated facade systems without integration with building energy management systems.

The studies of technological progress and issues of the facade systems of the buildings based on the
principles of sustainability in the current design practice were considered by Fernando et al. [8]. They found
that there exist serious discrepancies between design intentions and real performance, and that sophisticated
simulation tools that can predict performance are needed. Sood et al. [27] simulated the effects of occupancy
on the energy consumption of archetypes of multi-scale residence buildings [31–33]. Their study has shown
the significance of occupancy modelling to precise energy prediction, but has not mentioned the temporal
modelling approaches based on the fractal, which is necessary to achieve multi-scale demand fluctuations.

2.7 Research Gaps and Limitations of Current Approaches
The overall analysis of literature allows for the finding of various research gaps that restrict the efficiency

of existing building energy simulation and optimization strategies:
Most current methods usually treat thermal, electrical, and fluid dynamics separately without consid-

ering their interactions with each other, and these interactions have a high impact on the overall system
behavior. Adaptive control cannot be implemented effectively since there are no real-time multi-physics
coupling capabilities [34]. The classical simulation techniques have serious calculation constraints that do
not allow real-time working, especially when it comes to multi-physics problems that have large-scale
matrix solutions [35]. Existing technologies do not have quantum-enhanced computational acceleration
protocols. Traditional simulation models adopt a consistent time discretization that does not resolve the
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fractal character of energy demand patterns at several time scales. The lack of complex methods of time
modelling restricts predictability and the effectiveness of control [36].

As shown in Fig. 1, the following gaps are very powerful reasons to develop the QEMES–ASHP
framework, which comprehensively manages all these limitations by using quantum-enhanced multi-
physics modelling, fractal-based time modelling, extensive climate validation, and powerful uncertainty
quantification in an integrated operational system. Variations in climate conditions or restricted geographical
areas are also the common theme in most of the already available research, which is not fully validated across
the different climate conditions. Such a restriction affects the wide generalizability of suggested solutions. The
existing AI-based building energy management technologies do not have serious uncertainty quantification
tools, and are not designed to operate in the critical infrastructure environment, where reliability is a very
important key requirement. Current strategies normally deal with individual elements or subsystems without
taking into consideration how the hybrid renewable energy systems such as solar–ASHP–PCM would work
together. The absence of detailed optimization structures restricts the possibilities of efficiency gains at the
system level.

Figure 1: Identified limitations of existing building energy simulation approaches and the need for an integrated real-
time framework.

In the majority of studies, there are no quantum-enhanced optimization methods, as Table 2 shows.
There are some incomplete multi-physics interactions in building energy studies [37]. There is a lack of
emphasis on the integration of different thermal utilization methods, and also some demands for sophis-
ticated simulation techniques with quantum and classical methods [38,39]. There is a less comprehensive
attitude towards the optimization of the energy system [40].
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This work introduces the first multi-physics quantum-enhanced simulation framework for building
energy analysis, which can bring an unprecedented degree of accuracy and understanding. An analytical
thermal integration method is used to compare various thermal utilization methods and to have a holistic
appreciation of energy flows. The work makes use of sophisticated multi-physics coupling technology, which
incorporates the interaction of thermal, mechanical, and control systems to model the real-life performance
of buildings with very high fidelity. Furthermore, a new quantum-classical hybrid optimization system is
proposed to reduce energy consumption and peak demand and enhance comfort and economic indicators.
In general, this study is holistic and totalistic, as it combines various technologies to provide a single solution
to next-generation building energy management.

The QEMES research covers the most important gaps by developing quantum-enhanced multi-physics
simulations of the entire building energy analysis, which presents a new framework that involves several
thermal utilization methods and advanced quantum optimization strategies.

3 QEMES-Methodology
Fig. 2 illustrates the integration of thermal, electrical, and airflow models into a unified multi-physics

simulation engine under the QEMES–ASHP framework. AI-driven optimization and quantum-enhanced
solvers enable real-time control of hybrid solar–ASHP–PCM systems, ensuring improved energy efficiency,
comfort, and scalability across multiple climate zones.

Figure 2: Block diagram of proposed QEMES-ASHP approach.
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3.1 QEMES Framework Overview
The QEMES–ASHP framework, titled “Integration-First Multi-Physics Simulation Paradigm”, is

designed to model and optimize complex building energy systems by simultaneously solving thermal,
electrical, and airflow dynamics while leveraging AI for real-time control as portrayed in Fig. 3.

Figure 3: QEMES-ASHP overall framework.

The system incorporates several enhanced elements: a quantum-enhanced linear solver (VQLS) to
effectively behave with ill-conditioned blocks of matrices, an AI Controller integrating reinforcement
learning (RL) with a fallback Model Predictive Control (MPC), and fractal load modelling based on
fractional Brownian motion (fBm) to forecast multi-scale temporal variations in building energy demand.
Furthermore, the system is based on a high-density of more than 150 IoT sensors to check temperature,
humidity, occupancy, photovoltaic generation, thermal energy storage (TES), phase change materials (PCM),
and air source heat pump (ASHP) modules. This network of dense sensors allows for monitoring the
conditions in multi-zone buildings correctly and supplying the AI controller with highly dense data to
manage energy consumption in real time. The framework explains its complexity by aiming to achieve
over 95% energy efficiency in complex building operation, far higher than simpler, more traditional energy
conservation methods that typically reach at most 80% efficiency. Communications (TLS/HTTPS) and
secure local storage protocols are used to keep data protected and ensure that the data transfer is reliable
and secure. QEMES–ASHP is specifically suited for office, residential, and industrial buildings, particularly
those that combine solar-ASHP-TES/PCM configurations and require multi-zone control. It is new because
of real-time connection of the thermal, electric, and air movement, the hybrid AI-driven control switching,
and the selective use of quantum-enhanced linear solvers to compute computationally challenging problems.
A typical workflow entails matrix assembly, execution of the quantum solver, update of the solution, and
feedback provided by the AI controller, which depicts the hybrid strategy of the computational approach
of the system. Although the strength of quantum computing, AI, fractal modelling, and multi-physics
simulation is promising, it is still necessary to clearly measure the individual contribution of each of the
above elements to the reported 31%–35% reduction in energy, but the aggregate benefits are significant and
reflect the ability of the proposed approach to deliver a highly efficient smart building management.
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Data Collection & Preprocessing
A systematic, multi-step procedure was used for data collection and preprocessing in the QEMES–

ASHP experimental framework to guarantee high-quality, trustworthy data appropriate for sophisticated
multi-physics and AI-driven analysis. In order to continuously monitor temperature, relative humidity,
airflow, occupancy, photovoltaic generation, ASHP module performance, and thermal storage system states,
more than 150 Internet of Things (IoT) sensors were placed throughout all building zones over the course of
a year. To preserve data integrity, the procedure combined automated and manual validation techniques, as
shown in Fig. 4:

Figure 4: QEMES-ASHP—data collection and pre-processing steps.

Step 1: Sensor Deployment and Configuration
In order to record spatial heterogeneity within each building zone, such as high-occupancy areas, areas

close to HVAC diffusers, and areas next to TES/PCM/ASHP systems, sensors were placed strategically. Every
sensor was set up to collect high-frequency data at intervals of one minute for energy consumption data and
one hertz (Hz) for transient thermal and airflow measurements. WiFi, Zigbee, and LoRaWAN were among
the communication protocols that provided dependable, low-latency transmission to the central data server.
Step 2: Continuous Monitoring and Logging

Secure TLS/HTTPS communication was used to log data in a cloud-based system. In the event of
a network outage, data persistence was guaranteed by redundant local storage. Incoming data streams
were validated by automated scripts, which also marked unusual readings for additional examination. The
raw measurements were accompanied by metadata, including the timestamp, sensor ID, and calibration
coefficients.
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Step 3: Calibration and Drift Correction
The initial calibration of the sensors was done in accordance with the manufacturer’s instructions, and

seasonal drift was adjusted for every three months. Sensor readings were continuously modified by drift
correction algorithms using reference measurements from precise instruments positioned in each zone.
These algorithms ensured long-term measurement accuracy by accounting for environmental changes like
variations in temperature and humidity.
Step 4: Outlier Detection and Removal

To detect anomalous measurements brought on by sensor noise, transient communication errors,
or outside disturbances, statistical techniques such as z-score thresholds and interquartile range (IQR)
analysis were used. To avoid bias in AI model training and system assessment, identified outliers were either
eliminated from the dataset or corrected using nearby temporal data.
Step 5: Missing Data Imputation

A hybrid imputation technique was used to fill in occasional data gaps brought on by network
problems or sensor outages. While longer gaps were filled using predictive models based on correlated
sensor measurements within the same zone or similar environmental conditions, short gaps (less than
five minutes) were linearly interpolated. This reduced artificial distortion while preserving continuity in
time-series datasets.
Step 6: Normalization and Standardization

To make training AI controllers and multi-physics simulations easier, all sensor readings were scaled to
comparable ranges and normalized to uniform units. To lessen the impact of seasonal variation and sensor
heterogeneity, temperature, humidity, and energy data were standardized in relation to reference conditions.
Step 7: Data Quality Verification and Documentation

At the end of each month, both automated and manual verification checks were performed, which
include cross-validation with redundant sensors, consistency checks across adjacent zones, as well as compar-
ison with weather station data. Transparency and reproducibility were thoroughly ensured by meticulously
documenting all preprocessing steps, modifications, as well as anomalies in a data log.

As Fig. 5 illustrates, the flow combines classical simulation for system state estimation with quantum
solvers for rapid optimization of control variables. Iterative feedback loops enable real-time scheduling of
thermal, electrical, airflow, and ASHP systems for peak-load reduction and cost savings (Algorithm 1).
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Figure 5: Hybrid quantum-classical control flow for QEMES-ASHP energy optimization.
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Pseudocode

Algorithm 1: QEMES energy optimization
Input∶ Sensordata (Temperature , Humidity, Occupanc y, PV , TES , PCM , ASHP)
Output∶O ptimizedcontrol actions (HVAC , TES , PCM , ASHPsetpoints)
1∶ Initial izeAIControl l er (RL +MPC f al lback)
2∶ Initial izeQuantumSolver (VQLS) f oril l − conditionedmatrixblocks
3∶Deploy IoT sensors across building zones
4∶ Preprocess sensor data∶
−Cal ibration & drif t correction
−Outl ier removal
−Missing data imputation
−Normal ization/standardization

5∶ loop (ever y control c ycl e , e .g ., 1 min thermal , 1 s el ectrical , 10 ms air flow)
a. Acquire real − time sensor data
b. U pdate multi − physics simul ation (thermal + el ectrical + air flow + ASHP)
c. Assembl e system matrices
d . i f matrix is i l l − conditioned then

Solve using VQLS or cl assical solver
e . AI Control l er computes optimal actions (RL)
f . if RL f ail s or thresholds exceeded then

Appl y MPC f al lback
g . Appl y control actions to HVAC , TES , PCM , ASHP
h. Log data &compute per f ormance metrics

6∶ end loop
7∶Evaluate annual energ y savings, peak load reduction, com fort, and NPV

3.2 Theoretical Foundation
QEMES–ASHP’s theoretical underpinnings include probabilistic uncertainty quantification, fractal-

based temporal prediction, quantum computation, and multi-physics modelling. Heat transfer, electrical
load behavior, airflow patterns, and ASHP thermal exchange throughout the building are all thoroughly
captured by the governing equations, which comprise thermal, electrical, as well as fluid-dynamics models.
Variational Quantum Linear Solvers (VQLS) represent the selective application of quantum computation that
speeds up computation without sacrificing reliability; they are applied only to ill-conditioned matrix blocks
where classical solvers converge slowly. Fractional Brownian motion (fBm) captures temporal variability in
energy demand and occupancy, enabling multi-scale forecasting that is essential for efficiently coordinating
TES, PCM, and ASHP operations. Bayesian uncertainty quantification offers probabilistic evaluations of
system performance and robustness, providing a means to quantify and manage uncertainty in predictions
and control actions. The multi-physics and stochastic nature of building energy systems are comprehensively
addressed by this integrated theoretical framework, which ensures that QEMES–ASHP can deliver precise,
dependable, and optimal control decisions in real time.
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3.3 Quantum Enhancement
Variational Quantum Linear Solver (VQLS)
By using variational quantum algorithms, the quantum-enhancement component of QEMES–ASHP

accelerates specific computational bottlenecks in the multi-physics simulation environment. The principal
quantum technique used is the Variational Quantum Linear Solver (VQLS), which is designed to solve
linear systems of the form Ax = b for matrix sizes up to N ≤ 1024. The QEMES–ASHP framework targets
computations where potential quantum acceleration could be significant by applying VQLS selectively to ill-
conditioned sub-blocks in which classical sparse solvers tend to converge slowly. Implementation employs an
IBM Q 16-qubit processor, together with error-mitigation techniques such as zero-noise extrapolation and
decoherence-aware scheduling, to ensure that short-term hardware noise does not degrade solution quality.
For reliability, a classical solver is retained as a fallback for any sub-blocks where the quantum solver may
fail or produce insufficiently accurate results.

It is important to note that the reported 20% computational speed-up using a 16-qubit processor
should be interpreted cautiously. The qubit count, coherence time, and gate fidelity of current quantum
hardware remain limited, and very large, fault-tolerant quantum systems are typically required to achieve
true real-world quantum advantage for linear-algebra problems. The QEMES–ASHP framework therefore
acknowledges the speculative nature of near-term quantum gains; the observed speed-up is based on
idealized benchmarking conditions. To contextualize these claims, comprehensive benchmarking data
comparing quantum and classical sub-block solutions—including runtime statistics, error margins, and
convergence behavior—are presented in later sections.

Timing & Real-Time Considerations
Table 3 summarizes the latency requirements for each major component of the QEMES–ASHP pipeline

from sensor acquisition to control decision execution. The goal is to maintain sub-second end-to-end
responsiveness, ensuring feasibility for real-time building energy optimization.

Table 3: Timing and real-time performance targets for QEMES-ASHP framework components.

Component Target Latency Justification
Sensor Acquisition 50 ms Rapid multi-zone monitoring (research)
Matrix Assembly 120 ms Sparse block formation
Quantum Solver 180–250 ms Applied only to ill-conditioned blocks

RL Inference 80 ms Multi-zone and ASHP control decision-making
Network Overhead 20–30 ms Local communication

Total ≤500 ms Sub-second target explored; practical systems may operate at
15-min intervals

The QEMES–ASHP system integrates sensor acquisition, matrix assembly, quantum computation, AI
inference, and network communication within a total target latency of ≤500 ms. In practice, the system
operates with sub-second computational cycles, enabling real-time optimization of solar–ASHP–TES–
PCM hybrid systems. Sparse matrix assembly is allotted 120 ms, while sensor acquisition is anticipated
to occur within 50 ms to guarantee rapid monitoring of thermal, electrical, and ASHP-driven multi-zone
building conditions. Given that current quantum hardware limits full real-time speedup, the quantum
solver is expected to execute in 180–250 ms for the ill-conditioned matrix blocks. For AI-driven control
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actions, 80 ms is allocated for reinforcement learning (RL) inference, while 20–30 ms accounts for local
communication overhead.

Although these timings demonstrate a sub-second control loop for research evaluation, practical
building management systems may operate at coarser intervals (e.g., every 15 min) without significantly
reducing optimization performance. The selective application of VQLS ensures that the framework remains
robust and computationally feasible, and the quantum advantage is employed only when classical sparse
solvers exhibit slow convergence. The QEMES–ASHP framework thus achieves a practical balance between
leveraging emerging quantum capabilities and maintaining dependable, real-time performance in intelligent
building energy optimization.

3.4 Multi-Physics Coupling Methodology
The QEMES–ASHP framework achieves a tight integration of thermal, electrical, airflow, and ASHP

dynamics through a coupled multi-physics simulation approach. The thermal behaviour of the building is
modelled using the standard heat transfer Eq. (1):

ρcp ∂T
∂t
= ∇ ⋅ (k∇T) + QHVAC + QPC M + QASHP . . . . (1)

where ρ is the air density, cp is the specific heat capacity, k is the thermal conductivity, and QHVAC and QPC M
represent heat inputs from HVAC systems and phase change materials, respectively. This formulation thor-
oughly allows QEMES-ASHP to capture both conduction and active thermal management contributions,
which are very essential for accurate prediction of indoor temperatures across multiple zones.

The electrical load of the building is modelled as a function of voltage, current, and temperature, P (t) =
f (V , I, T), to account for dynamic variations in HVAC and ASHP power draw, lighting, and equipment
loads. Integrating this electrical model with the thermal system thoroughly ensures that energy consumption
is calculated in a physically consistent manner, which also allows for very precise evaluation of building
energy performance under different control strategies.
1. Thermal Modelling (Heat Transfer Equation):

The thermal behaviour of the building is governed by the following heat transfer equation:

∂T
∂t
= α∇2T + Qin

ρcp
− Qout

ρcp

where (T) is the temperature at a given point in the building, (α) is the thermal diffusivity, (∇2T) is the
Laplacian operator that accounts for heat conduction, (Qin) and (Qout) are the heat input and output due to
HVAC systems and environmental factors, (ρ) is the density of the material, (cp) is the specific heat capacity
of the building materials. This equation captures the thermal dynamics of the building and will be solved
using a finite difference method to discretize time and space.
2. Electrical Load Modelling:

The electrical consumption within the building, particularly the HVAC system and air source heat pump
(ASHP), is modelled using the following equation:

P(t) = V(t) I(t)
where (P(t)) is the power consumption at time (t), (V(t)) is the voltage applied to the system at time (t),
(I(t)) is the current drawn by the electrical components.
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The voltage and current are functions of time, and their variations depend on the system’s load and
environmental conditions. These equations are solved using standard circuit simulation techniques such as
Kirchhoff ’s laws and mesh analysis.
3. Fluid Dynamics (Airflow Modelling):

The airflow dynamics in the building, which directly affect both the thermal comfort and energy
consumption, are modelled using the Navier-Stokes equations:

ρ (∂V
∂t
+ v .∇v) = −∇P + μ∇2v + F

where (v) is the velocity vector of the airflow, (ρ) is the air density, (P) is the pressure field, (μ) is the dynamic
viscosity of the air, (F) represents any external forces such as fans or natural ventilation. This equation
governs the airflow throughout the building and will be solved using computational fluid dynamics (CFD)
techniques. We will employ finite element or finite volume methods to discretize the equations.
4. Coupling and Solution Process:

The thermal, electrical, and fluid dynamics models are coupled together in an iterative process as follows:
1. Indoor temperature distribution is also the output of the thermal model to be used in the electrical load

model (HVAC and ASHP consumption).
2. Electrical model varies the power consumption depending on the variation in temperatures and demand

of the system.
3. The fluid dynamics model recalculates the airflow distribution of the building which also affects the

thermal and electrical models through the factor of heat transfer and system efficiency.
A semi-implicit time-stepping system of equations is used, thus making the system stable and accurate.

The thermal, electrical and fluid models are revised each time step to capture the prevailing conditions of
the system.

Our framework employs the Fractional Brownian Motion (fBm) model to model the self-similarity and
long-range dependence which is often seen in the time dependence of building energy consumption patterns.
Unlike the traditional models, which can assume that the demand is associated with simple random walk,
fBm gives us an opportunity to model the energy variations that are characterized by memory effects, i. e., the
previous energy consumption determines the future behaviour. The physical relationship between the fBm
model and the dynamic building load is the variation of energy demand with the changes in the time scales
i.e., hourly, daily, and seasonal cycles. The fBm model will be able to predict the propagation and influence of
small variations in environmental factors (e.g., outdoor temperature, humidity, occupancy) on thermal loads
and electrical demands within the building over time. It is a model that is especially helpful in forecasting
unpredictable changes in energy demand that is essential to optimize the functionality of HVAC systems,
air-source heat pumps (ASHP), and thermal storage units in real-time. The model can capture these dynamic
patterns, thereby allowing more precise forecasting and control decisions.

The Variational Quantum Linear Solver (VQLS), which manages the most computationally intensive
sub-blocks in the coupled matrix system, is used to couple these four physics domains. Real-time modifi-
cations to HVAC/ASHP setpoints, TES/PCM activation, and airflow modulation are reliably incorporated
into the simulation loop through feedback from the AI controller. Adaptive time-stepping is employed by
QEMES–ASHP to balance the various temporal scales of the coupled systems: thermal dynamics are updated
approximately every minute, electrical dynamics every second, and airflow dynamics every 10 ms. This multi-
scale approach ensures numerical stability while maintaining computational efficiency. Its accuracy and
resilience are ensured by enforcing convergence criteria below 10−5 and verifying Courant–Friedrichs–Lewy
(CFL) conditions at each iteration.
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3.5 AI Controller Design
The QEMES–ASHP framework employs a hybrid AI control strategy that combines Reinforcement

Learning (RL) for adaptive, multi-zone energy management with Model Predictive Control (MPC) as a safety
fallback. This approach ensures both real-time optimization and operational reliability while accommodating
the complex dynamics of thermal, electrical, airflow, and ASHP systems in smart buildings.

Specific AI/ML Algorithms
Reinforcement Learning, more specifically a Deep Q-Network (DQN), is the main AI algorithm

used; however, depending on the required control horizon and available computing power, Proximal
Policy Optimization (PPO) or other policy-gradient techniques may also be applied. RL can handle high-
dimensional, multi-zone control problems and learn optimal policies from synthetic and historical data
without requiring an explicit model of the building dynamics. To ensure safety in extreme weather or sensor
failure conditions, the MPC component serves as a backup. Nonlinear or robust MPC formulations can
be used for more complex scenarios, while a linear variant is adopted here. RL outputs are prioritized
during normal operation, and MPC intervenes when state deviations exceed preset thresholds (e.g., ±2○C
temperature or ±5% relative humidity).

State and Action Spaces
The system is formulated as a Markov Decision Process (MDP) with the following components:

• State Space (S):

S = {Tzones , RH, occupanc y, sol arirradiance , PCMstate , TESstate , ASHPstate} . . . . (2)

The state space (Eq. (2)) captures thermal conditions, relative humidity, occupancy levels, solar input,
and the operational states of TES, PCM, and ASHP systems across more than ten building zones.

• Action Space (A):

A = {Setpointad justments, TESactivation, PCMactivation, HVACmodul ation,
ASHPmodul ation} . . . . (3)

The action space (Eq. (3)) defines all controllable interventions within the building, including setpoint
adjustments, TES activation, PCM activation, HVAC modulation, and ASHP modulation, enabling the AI
to dynamically manage energy consumption. It defines all controllable interventions within the building,
enabling the AI to modulate energy usage dynamically.

Reward/Objective Function
The RL agent is trained to maximize energy efficiency while maintaining comfort and minimizing costs,

formalized as:

R = w1 ⋅ Energ y Reduction −w2 ⋅ Peak Load −w3 ⋅ Cost . . . . (4)

where w1 , w2, w3 are weighting coefficients tuned to prioritize energy savings, peak demand reduction, and
operational cost efficiency. Reward normalization ensures stable convergence during training.

Training Details
Training is carried out on an 8-GPU high-performance cluster using both synthetically generated

and historical building data to cover diverse occupancy and climate conditions. Hyperparameters such
as learning rate, discount factor, and batch size are optimized to balance convergence speed and policy
robustness during a 72–120-h training cycle. The hybrid AI controller demonstrates strong performance
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across more than ten building zones. MPC-enforced safety thresholds preserve occupant comfort by limiting
extreme temperature or humidity fluctuations and allowing RL to explore optimal control strategies for
HVAC, TES, PCM, and ASHP systems.

3.6 Fractal-Based Temporal Modelling
To capture the multi-scale temporal dynamics of energy demand in complex buildings, QEMES–

ASHP employs a fractal-based load modelling approach using Fractional Brownian Motion (fBm). This
enables accurate forecasting of thermal and electrical loads across multiple time scales, which is essential for
coordinated operation of Thermal Energy Storage (TES), Phase Change Material (PCM), and ASHP systems.

The governing equation for the fractal-based temporal modelling is expressed as:

XH (t) = ∫
t

0
KH (t, s)dB (s) , H = Hurst exponent . . . . (5)

where XH (t) represents the stochastic load process, KH (t, s) is the kernel function encoding temporal
correlations, and B (s) is a standard Brownian motion. The Hurst exponent (H) is optimized for each
building zone to capture long-term persistence or anti-persistence in load profiles, which thoroughly allows
the model to adapt to different occupancy patterns, climate conditions, as well as system responses.

With only a 5%–8% overhead compared to the baseline multi-physics simulation, the computational
cost of putting this fractal-based model into practice is negligible, and the predictive accuracy is greatly
improved. Multi-scale load forecasting outperforms traditional time-series models such as LSTM and
ARIMA, particularly when there is stochastic occupancy and variable weather. By integrating the fractal-
based forecasts into a Bayesian framework, which thoroughly permits probabilistic load prediction with
uncertainty quantification, predictive reliability is further enhanced. With this integration, the AI controller
can make risk-aware decisions, optimize TES and PCM and ASHP operations, as well as account for
possible variations in expected energy demand. The fractal-based temporal modelling provides a dependable,
scalable, and computationally efficient approach for multi-horizon load forecasting, which directly supports
the real-time, AI-driven, as well as quantum-enhanced control objectives of QEMES-ASHP.

3.7 System Integration & Fault Tolerance
To ensure continuous and reliable operation, QEMES–ASHP implements a comprehensive system

integration and fault-tolerance framework. The architecture is designed to handle hardware, software, and
communication failures without compromising energy optimization or occupant comfort.

Fault Handling Strategy
A hierarchical fallback approach is employed for all critical components:

• Quantum Solver Unavailability: If the Variational Quantum Linear Solver (VQLS) becomes unavail-
able due to hardware downtime or scheduling conflicts, the system automatically switches to a classical
sparse solver, ensuring uninterrupted multi-physics computation.

• Sensor Failures: In the event of IoT sensor malfunction, missing or erroneous data is corrected
through statistical imputation and real-time calibration adjustments, minimizing errors in AI-driven
control actions.

• ASHP Module Malfunction: If the air-source heat pump communication or control fails, fallback
load balancing is carried out through the HVAC/TES subsystems to preserve thermal comfort and
system stability.
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• AI Controller Failures: If the primary RL controller experiences instability or convergence issues, MPC
takes over to maintain safe and reliable operation.

Communication and Latency
All inter-component communication is monitored to maintain latency under 30 ms, enabling

near-real-time decision-making for multi-zone control, TES/PCM/ASHP coordination, and adaptive
HVAC modulation.

Error Propagation and Sensitivity Analysis
To assess the impact of uncertainties in building parameters, sensor data, and environmental variations,

Monte Carlo sampling is applied across all physics domains—thermal, electrical, airflow, and ASHP. This
process allows:

• Identification of parameters most influencing energy consumption, comfort, and economic indicators
such as NPV and payback period.

• Quantification of cumulative uncertainty, enabling the AI controller to account for deviations in real-
time optimization.

• Robustness testing to ensure the integrated system maintains over 95% energy efficiency under realistic
operational conditions.

This system integration and fault-tolerance framework ensures that QEMES–ASHP operates safely
and reliably even under component failures or unexpected environmental changes, while preserving the
predictive and optimization strengths of the quantum-enhanced, AI-driven, multi-physics paradigm.

3.8 Experimental Setup
With a 12-month monitoring period to account for seasonal variability, the experimental setup for

QEMES–ASHP was created to thoroughly validate its performance under a variety of real-world conditions.
To guarantee the generalizability of the results, experiments were carried out in five representative climate
zones in China, involving multiple building types. In order to measure temperature, relative humidity,
airflow, occupancy, photovoltaic generation, ASHP performance, and thermal storage system states, more
than 150 Internet of Things sensors were installed in each building.

To ensure measurement accuracy throughout the year, drift correction procedures were implemented,
and sensor calibration was conducted every three months. The experimental design was supported by
a comprehensive statistical methodology that included power analysis to determine adequate sampling
for detecting significant energy savings and comfort improvements, effect size estimation using Cohen’s
d, and multiple comparison correction through Bonferroni and Holm procedures. To further quantify
uncertainty and ensure the robustness of performance metrics, 1000-iteration bootstrap confidence intervals
were applied.

Model Accuracy Comparison:
The validation of the model was done against experimental data in the following ways in terms

of accuracy:
Statistical Validation:
Root mean square error (RMSE) and mean absolute error (MAE) were determined between the model

results and the real sensor values. These metrics of errors were employed to measure the difference between
the predicted and observed energy consumption, thermal comfort, and system performance.
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Comparative Performance:
The energy saving predictions and the peak load reduction predictions of the model were compared

against the experimental data of the test buildings. A t-test of paired samples was used to examine the
statistical significance of the differences between the model and the actual performance.

Confidence Intervals:
In order to test the strength of the model further, bootstrap confidence intervals of 1000 iterations were

studied against the data of the experiment. The approach can give a probabilistic insight into the prediction
accuracy of the model, which assists in measuring the uncertainty in the predictions of energy savings
and comfort.

Effect Size Estimation:
The Cohen d method was used to approximate the effect size of significant energy savings and

improvements of comfort. This is used to learn the practical importance of the model predictions as
compared to the experimental outcomes.

3.9 Scalability & Commissioning
The QEMES–ASHP framework was designed to be scalable across buildings of all sizes, from compact

50 m2 offices to large 5000 m2 commercial or industrial complexes. It even supports district-level coordina-
tion among interconnected smart buildings. System parameters, such as the Hurst exponent for fractal-based
temporal modelling and hyperparameters for the Reinforcement Learning controller, were specifically tuned
for each climate zone to enable adaptive control under varying occupancy and environmental conditions.
This guarantees optimal performance across diverse climates and building configurations.

To ensure highly accurate real-time performance and system dependability, a rigorous multi-step
commissioning protocol was followed. Each IoT sensor and device was first configured and tested to confirm
proper communication, calibration, and ASHP data synchronization. A one-week baseline data collection
phase was then performed without active QEMES–ASHP intervention to capture the building’s natural
thermal, electrical, airflow, and occupancy dynamics. This baseline dataset was used to initialize the hybrid
RL +MPC controller, ensuring a smooth and secure system startup.

After controller initialization, multi-physics validation was performed to confirm accurate coupling
among the thermal, electrical, airflow, and ASHP models. Once parameters were tuned and end-to-end
latency verified to be under 500 ms, the system met the sub-second decision-making requirements for
TES/PCM/ASHP coordination and multi-zone HVAC control. Routine maintenance and recalibration
were scheduled every three to six months to mitigate sensor drift, preserve data fidelity, and maintain
control accuracy.

For compliance and compatibility with building management practices, QEMES–ASHP operations
adhered to relevant standards and guidelines such as ASHRAE protocols and local building codes. This sys-
tematic approach to scalability and commissioning ensures consistent energy savings, comfort enhancement,
and environmental performance across multiple building types and climates, supporting broad deployment
of the QEMES–ASHP framework.

3.10 Ablation & Justification Studies
To measure the distinct contributions of the essential elements of QEMES, ablation studies were carried

out. The complete QEMES-ASHP system, QEMES-ASHP without the quantum-enhanced linear solver,
QEMES-ASHP without the Reinforcement Learning (RL) controller, and QEMES-ASHP without fractal-
based temporal modelling were the four configurations that were assessed. Performance metrics such as net
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present value (NPV), occupant comfort (PPD/PMV), peak load reduction (%), and annual energy savings
(%) were noted for every configuration. To ensure thorough validation, two-sample t-tests with Bonferroni
correction were used to assess the statistical significance of the differences in comparison to the entire
QEMES-ASHP system. Table 4 provides a summary of the findings:

Table 4: Ablation studies.

Configuration Energy (%) Peak Load (%) Comfort (PPD%) NPV ($/m2) p-Value
QEMES-ASHP 34.5 28.7 6.2 1847 –
No Quantum 30.2 24.1 6.5 1650 0.002

No RL 27.8 21.3 7.1 1575 <0.001
No Fractal 29.1 22.8 6.9 1602 0.001

To measure the contributions of the various QEMES-ASHP components, ablation studies were con-
ducted. With a PPD of 6.2% and an NPV of $1847/m2, the entire system produced a 28.7% reduction
in peak load and an annual energy savings of 34.5%. The significance of the solver for ill-conditioned
matrix acceleration was thoroughly demonstrated by the reduction in energy savings to 30.2% and peak
load reduction to 24.1% when the quantum-enhanced solver was excluded (p = 0.002). Eliminating the RL
controller further reduced energy savings to 27.8% and raised PPD to 7.1%, which demonstrates the crucial
function of AI-driven multi-zone control (<0.001). The impact of fractal-based temporal modelling on multi-
scale load forecasting was demonstrated by the slight decline in comfort (PPD 6.9%) and energy performance
(29.1%) that resulted from its omission. The integrated quantum, AI, and fractal components are thoroughly
required for the best building energy performance, as confirmed by the p-values, which show statistically
very significant differences when compared to the full QEMES-ASHP configuration.

The ablation study emphasizes the way that important fractal-based temporal modelling, AI-driven
control, and quantum acceleration are key to reaching QEMES-ASHP’s superior multi-criteria performance.
Omitting RL lowers adaptive control efficacy across multi-zone operations, while removing the quantum
solver affects computation speed and energy optimization for ill-conditioned matrix blocks. Comfort metrics
and TES/PCM coordination are impacted when fractal temporal modelling is excluded because it reduces
the accuracy of multi-scale load forecasting. The p-values validate the design decisions and support the
integrated approach by confirming the statistical significance of these components’ contributions. The
quantum-enhanced solver accelerates the optimization process, enabling the Reinforcement Learning (RL)
controller to explore the solution space more efficiently. Without the quantum solver, the RL controller
performs slower, which leads to reduced energy savings and comfort. Similarly, the fractal-based temporal
model improves the accuracy of multi-scale load forecasting. When this component is removed, the system’s
ability to predict fluctuations in energy demand becomes less accurate, slightly affecting both comfort (PPD)
and energy savings. These interactions demonstrate that the integrated components—quantum solver, RL
control, and fractal modelling—work together to optimize system performance.

3.11 Data Analysis & Statistical Validation
Data analysis and statistical validation of QEMES–ASHP outputs are carried out using a weighted multi-

criteria scoring approach that integrates energy performance, peak demand reduction, thermal comfort, and
economic benefits into a single performance index. The weighted score is defined as in Eq. (6).

Score = 0.4 ⋅ E + 0.25 ⋅ P + 0.2 ⋅ C + 0.15 ⋅ EconScore (6)
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here, E represents annual energy savings, P denotes peak-load reduction, C corresponds to comfort
performance (PPD), and EconScore captures economic performance metrics such as NPV and payback.
Weight coefficients (0.4, 0.25, 0.2, and 0.15) are assigned to emphasize energy and demand reduction while
balancing comfort and financial efficiency.

To account for uncertainty arising from sensor inaccuracies, seasonal variations, and stochasticity in
AI and ASHP control outputs, bootstrap resampling with 1000 iterations is employed to estimate 95%
confidence intervals. Two-sample t-tests with Bonferroni correction are performed across energy, comfort,
and economic indicators to verify statistical significance between QEMES–ASHP and baseline systems
(e.g., GSHP-based or non-hybrid setups). All p-values are reported to confirm statistically significant
improvements and validate the robustness of observed performance advantages.

3.12 Computational Cost & Practical Justification
Energy savings are compared to the computational cost in $/kWh saved to assess the practical viability

and computational overhead of the QEMES–ASHP framework. To capture rapid dynamics across the
thermal, electrical, and ASHP domains, the system is configured to operate under standard building control
intervals of 15 min, while a 30-s update interval is maintained during research and benchmarking to record
transient variations in thermal–electrical coupling and ASHP operation.

As summarized in Table 5, the Reinforcement Learning (RL) controllers are retrained every 6 to 12
months to address operational drift and seasonal variability, following an initial training phase on one
year of combined historical and synthetic data. The selective quantum solver, Variational Quantum Linear
Solver (VQLS), is applied exclusively to ill-conditioned matrix sub-blocks to accelerate convergence in
coupled thermal–electrical–airflow–ASHP systems. This hybridized computational scheme minimizes total
processing cost while ensuring real-time response.

Routine latency benchmarks confirm sub-second responsiveness (≤500 ms per optimization loop), with
only 12%–15% computational overhead relative to total system execution. The ASHP integration introduces
negligible additional cost because control and thermodynamic feedback are embedded within the same
hybrid AI-quantum computation loop. Hence, the QEMES–ASHP configuration achieves superior energy
performance and cost efficiency without compromising responsiveness or scalability.

The QEMES–ASHP framework is fully compatible with existing Building Management Systems (BMS)
and can be integrated into operational environments with minimal hardware modification. As shown
in Table 6, this methodology ensures that QEMES–ASHP remains computationally efficient, economically
viable, and deployable in real-world scenarios while delivering measurable gains in energy efficiency,
comfort, and peak demand management.

Overall, the results confirm that QEMES–ASHP achieves statistically significant improvements in
annual energy savings, peak-load reduction, and economic performance compared to baseline geothermal
or conventional hybrid systems. These findings substantiate the framework’s ability to provide a balanced
integration of artificial intelligence, quantum acceleration, and ASHP-driven thermal optimization in
next-generation smart building applications.
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4 Experimental Setup and Testbed Design
As Fig. 6 illustrates, the setup integrates real building sensor data, a multi-physics simulation engine,

an AI-based controller, ASHP-integrated HVAC modules, and quantum solver components. Hybrid cloud–
edge deployment ensures synchronized data flow and real-time feedback for validation across multiple
building scales.

Figure 6: Experimental setup for QEMES framework evaluation.

4.1 Test Building Configuration
The experimental testbed is a 200 m2 fully instrumented smart building designed to support high-

fidelity multi-physics simulations encompassing airflow, electrical, and thermal dynamics. The configuration
incorporates an Air Source Heat Pump (ASHP) integrated with Thermal Energy Storage (TES) and Phase
Change Material (PCM) units to evaluate hybrid heat-exchange efficiency, response time, and controller
adaptability under dynamic climatic variations.

The HVAC system and structural layout are meticulously engineered to replicate real-world operat-
ing conditions while maintaining accurate multi-zone control. A dense IoT sensor network—comprising
over 150 sensing nodes—monitors temperature, relative humidity, airflow velocity, energy consumption,
occupancy, and solar irradiance in real time. Such density ensures fine-grained spatial heterogeneity across
thermal zones, airflow pathways, and occupancy distributions, which is critical for validating multi-physics
simulations and AI-based control actions.

Measurement reliability is maintained through precision-grade instrumentation with the following
accuracies: ±0.1○C for temperature, ±2% for relative humidity, ±1% for energy meters, and ±0.05 m/s for
airflow sensors. The setup produces approximately 10 TB of data annually, supported by 200 Mbps dedicated
bandwidth for 1 Hz data acquisition frequency—essential for real-time supervisory control and monitoring.
All communication is secured via Wi-Fi/Zigbee protocols employing TLS/HTTPS encryption, ensuring data
integrity and confidentiality across cloud-edge synchronization.
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Overall, this configuration achieves an optimal balance among data fidelity, system complexity, and
practical scalability, enabling highly granular analysis for AI-driven, quantum-enhanced, and ASHP-
integrated optimization within the QEMES framework.

4.2 Multi-Climate Zone Validation
As indicated in Table 7, experiments are carried out in five representative Chinese climate zones: hot-

humid (Guangzhou), hot-dry (Urumqi), temperate (Shanghai), cold (Beijing), and severe cold (Harbin)
in order to guarantee the QEMES–ASHP methodology’s robustness and generalizability. Temperature
extremes, variations in humidity, the intensity of solar radiation, and seasonal wind patterns are captured
in this selection. To simulate seasonal variability over a 12-month experimental period, historical weather
data is combined with continuous environmental monitoring that records ambient temperature, humidity,
solar irradiance, and wind speed. Multi-climate validation is essential for evaluating AI control robustness,
TES/PCM/ASHP load predictions, and system adaptability, ensuring that QEMES demonstrates consistent
performance across geographically and climatically diverse building environments.

Table 7: Multi-climate zone performance evaluation of QEMES-ASHP framework.

City Climate Type
Annual
Energy

Savings (%)

Peak Load
Reduction

(%)

Thermal
Comfort
(PPD%)

Key Observations/Notes

Guangzhou Hot-Humid 33.8 27.5 6.5
High cooling demand; QEMES maintains

comfort while reducing peak load
effectively.

Urumqi Hot-Dry 35.1 29.2 5.9
Large temperature swings; AI controller

adapts HVAC and ASHP operation
dynamically to maintain comfort.

Shanghai Temperate 34.6 28.0 6.2 Moderate climate; system achieves
balanced energy savings and comfort.

Beijing Cold 33.0 26.5 6.4
Heating dominates; TES + PCM + ASHP

integration reduces peak heating loads
effectively.

Harbin Severe Cold 36.0 30.1 6.1
Extreme cold; QEMES-ASHP adapts

multi-zone control and renewable
integration for optimal performance.

Note: Energy savings and peak load reductions are relative improvements compared to baseline systems. Thermal
comfort (PPD) is maintained below 10% across all climates, meeting design targets. AI + quantum-enhanced control
enables robust performance across diverse environmental conditions.

4.3 Baseline System Comparisons
Thermal Energy Storage (TES), radiant cooling/heating, advanced façade systems, Smart Building

Management Systems (SBMS), solar-assisted heat pumps (SAHP), traditional PCM systems, ground source
heat pumps (GSHP), and standalone air source heat pumps (ASHP) are among the baseline configurations
installed and tested sequentially under controlled conditions to objectively evaluate the performance of the
QEMES–ASHP framework.



Energy Eng. 2026;123(12):15 35

To avoid interference among system operations and ensure clarity in comparative analysis, only one
baseline configuration is active during each evaluation period. Standardized operational protocols and
randomization of occupancy and seasonal cycles ensure that results remain unbiased and statistically
reliable. As presented in Fig. 7 and Table 8, this methodology supports a rigorous assessment of relative
improvements in energy efficiency, peak load management, comfort performance, and economic feasibility,
thereby demonstrating the comprehensive advantages of the integrated QEMES–ASHP system.

Figure 7: QEMES-ASHP vs. baseline—overall results.

4.4 Performance Metrics
A mix of energy, comfort, economic, and environmental metrics are used to measure system perfor-

mance. In order to capture operational efficiency and load management, energy consumption is evaluated in
both total and peak demand. The Predicted Mean Vote (PMV) and Predicted Percentage Dissatisfied (PPD)
indices, which take into account both occupant perception and quantifiable indoor conditions, are used to
assess thermal comfort. Payback period and Net Present Value (NPV), which represent realistic viability for
building operators, are included in economic evaluations. To support sustainability goals, the environmental
impact is evaluated through emissions mitigation and carbon footprint reduction. The system is optimized
holistically rather than narrowly, thanks to the multi-criteria metric design, which strikes a balance between
energy savings, human comfort, and financial viability.

4.5 Data Collection & Preprocessing & Cleaning
Continuous monitoring over a 12-month period captures all relevant seasonal and operational variabil-

ity, with data sampling rates ranging from 1 Hz to 1 min depending on the measured variable. Preprocessing
steps include normalization to assist RL algorithms in stable learning, imputation of missing values to
maintain dataset completeness, and outlier detection and removal to prevent anomalous measurements from
biasing the AI controller. Periodic recalibration corrects sensor drift, while quarterly recalibration procedures
ensure accuracy throughout the extended experimental duration. Automated anomaly detection algorithms
identify potential measurement errors, and cross-validation against reference-grade instruments ensures
high data integrity. This comprehensive preprocessing pipeline provides the dependable, high-fidelity data
necessary for AI-driven multi-physics simulations and ensures that performance evaluations reflect true
system behavior rather than sensor artifacts.
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4.6 Integration with Quantum & AI Resources
The QEMES framework incorporates hybrid processing, where selected computations—such as the

Variational Quantum Linear Solver (VQLS) for ill-conditioned matrix blocks—are executed on an IBM
Q 16-qubit cloud processor, while local RL/MPC inference handles real-time multi-zone HVAC control.
Through quantum-enhanced computation for complex multi-physics couplings, this combination enables
very fast, zone-level decision-making. If quantum resources are unavailable, a fallback mechanism ensures
that classical sparse solvers maintain at least 95% of energy optimization performance, preserving oper-
ational continuity and robustness. The integration of AI and quantum resources achieves performance
improvements that are not feasible through either method alone.

4.7 Control & Safety Protocols
Standardized experimental conditions are maintained by simulating or tightly controlling occupancy

and usage patterns. Seasonal rotation of baseline systems reduces temporal bias, and RL/MPC safety
thresholds of ±2○C for temperature and ±5% for relative humidity are consistently enforced. These measures
guarantee that the observed improvements in energy efficiency and thermal comfort result from system
design and optimization rather than uncontrolled external factors.

4.8 Statistical Validation
A rigorous power analysis determines experimental duration and sample size, ensuring that 5%–10%

energy savings can be statistically detected given Cohen’s d effect sizes. Monte Carlo sensitivity analyses
quantify uncertainties across environmental, sensor, and building parameters in the thermal, electrical, and
airflow domains. Statistical validation employs two-sample t-tests with Bonferroni/Holm corrections and
95% bootstrapped confidence intervals (n = 1000), confirming that observed gains are significant rather
than random.

4.9 Scalability & Practicality
The QEMES framework is scalable from small 50 m2 offices to large 5000 m2 commercial or industrial

buildings and can coordinate multiple facilities at the district level. Climate-specific tuning of Hurst expo-
nents for TES/PCM modelling and RL hyperparameters ensures adaptability across different environmental
conditions. Standardized IoT configurations and data logging frameworks make the system reproducible for
comparative studies and replication in other smart building research projects.

Practical deployment considerations are addressed despite the system’s high technical sophistication.
Individual sensors cost between $50 and $200, while HVAC and baseline setups range from $5000 to $20,000.
Quantum cloud access incurs an estimated cost of $500 to $1000 per month. Quarterly recalibration is
performed to sustain accuracy during the 12-month testing period. Human occupancy studies are conducted
under ethical approval, with all participant data anonymized in compliance with privacy regulations.
Although technically robust, the complexity of QEMES, need for skilled operators, and ongoing cloud costs
require detailed cost-benefit evaluation before full-scale deployment.

Although quantum computing has offered the potential path to accelerating complex simulations, the
existing quantum hardware has some weaknesses that can impact the real time performance of the QEMES-
ASHP system:
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Qubit Count:
The current quantum computers, especially superconducting qubit-based computers, have few qubits,

typically between 50 and 100 qubits. Since the QEMES-ASHP system is based on the need to solve large-
scale multi-physics simulations, the number of qubits needed to simulate the system increases with the size
and complexity of the system. In smaller scale issues (e.g., 200 m2 buildings), the quantum hardware is
already adequate to be used in certain parts of the system, namely linear solvers and optimization problems.
Nevertheless, the system can be scaled to more large buildings (e.g., 5000 m2) to potentially require quantum
error correction and more qubits, which are not quite yet represented by current quantum hardware.

Noise and Decoherence:
There are serious problems in quantum hardware such as quantum noise and decoherence. Due to

the interaction between the qubits and the environment, their quantum states may be corrupted, causing
errors in computation. These inaccuracies may affect the validity and reliability of the quantum solutions,
particularly to the real-time simulations in dynamical systems like the building energy management.
Methods such as quantum error correction and noise mitigation are currently being developed to overcome
such problems, although they are currently in their infancy and may add extra complexity and overhead.

Queue Time and Availability of Quantum Hardware:
The use of quantum hardware can be controlled using cloud-based quantum computing services (e.g.,

IBM Quantum, Google Quantum AI, etc.), i.e., there is a queue time to execute a particular task. Such delays
can have an impact on the real-time performance of the system because the system may have to wait until
resources are available to execute quantum computations. This is especially very difficult when there is need
to make real time decisions which are fast when dealing with dynamic building systems.

Real Time Performance and Scalability:
Although quantum computing can be used to speed up the most important operations, including

optimization and linear solvers, the existing hardware constraints (qubit count, noise, and queue times) do
restrict the real-time performance and scalability of the QEMES-ASHP system. In order to address these
challenges, classical computing will remain an important component of the overall system, especially when it
comes to the tasks which do not need quantum improvements. As an illustration, multi-physics calculations
(e.g., thermal or electrical or fluid dynamics modelling) can be conveniently managed on classical HPC
architectures and the quantum computing part of the system is applied to optimization and sophisticated
linear solvers.

Comparison to Classical High-performance computing platforms.
Scalability Classical HPC platforms remain more effective than existing quantum hardware in a number

of aspects in terms of real-time performance, scalability, and computational efficiency:
Computational Speed:
The capabilities of parallel processing can be used in classical HPC platforms to run large-scale

simulations in real-time. Such systems as supercomputers or cloud-based HPC systems are capable of
processing large volumes of data and computational complexity. Although quantum computing has the
potential of speeding up certain operations of the system (such as optimization operations), the current
scalability of quantum hardware may be a limiting factor to the overall real-time performance and simulation
of the QEMES-ASHP system.

Scalability:
By assigning additional computational resources or applying distributed computing methods, classical

HPC systems are easily able to scale to larger building simulations (e.g., over 5000 m2). Conversely, the major
challenge is still to scale quantum hardware to address bigger-scale problems (like buildings of 5000 m2 or
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larger). An example is that quantum linear solvers can be better than existing algorithms to solve optimization
problems, although larger buildings and multi-physics simulations would need a significantly larger number
of qubits and error correction techniques which are not yet scalable.

Cost and Accessibility:
Classical HPC systems are highly accessible and affordable to large-scale simulations. Conversely,

quantum computing remains immature and high-performance quantum hardware is common to research
laboratories or cloud-based services with queue times and costs attached. Moreover, quantum computing
software and algorithms are under development and it is acutely important to calibrate and tune quantum
hardware to work with a real time system such as QEMES-ASHP.

Scalability to Bigger Buildings:
Although the field tests that have been conducted so far were only limited to buildings as small as

200 m2, the system is easily scalable because of the modular architecture and IoT sensor network, which can
be expanded to larger spaces. It can be proposed based on the following simulation and modelling techniques
that the QEMES-ASHP system can be scaled to bigger buildings:

Larger Buildings Simulation:
Our modelling framework has been simulated on larger-scale buildings (up to 5000 m2). These

simulations affirm that the system is capable of accommodating larger spatial volumes through expansion
of sensor network and modification of the control algorithms in the system to accommodate the extra
complexity of larger building systems. The AI-controlled and multi-physics models are optimized to the high
energy requirements, which are of a high efficiency in larger scale settings.

Comfort Performance:
Energy and Comfort:
The simulations suggest that, with the QEMES-ASHP framework, the same energy consumption and

comfort rate will be ensured in the larger buildings because of the flexible approach of the predictive AI
control in the system. As an example, the energy savings and reduction in the peak load were also kept at
about 31%–35% in smaller buildings and are likely to be proportionate in larger buildings, though some
changes in the system set-up might be required (e.g., the size of HVAC and ASHP systems, the number of
sensors).

Different Building Types: Performance:
Regarding other categories of buildings, i.e., commercial complexes and hospitals, the versatility of the

QEMES-ASHP framework permits the design to be tailored to the type of building and the usage trends:
Commercial Complexes:
The capabilities of the QEMES-ASHP system are in line with the multi-zone and multi-use properties of

commercial buildings. The AI-controlled control system will enable dynamic reconfigurability of the energy
consumption of the building in relation to occupancy and building area, to ensure energy conservation and
comfort in the office and business areas are maximized.

Hospitals:
The thermal comfort and airflow management models are of great importance as the needs of hospitals

are very specific in terms of constant temperature control and high indoor air quality. These demands can be
effectively handled via the multi-physics modelling and adaptive control of the QEMES-ASHP system, at the
same time being energy efficient. The system has not been proven in hospital environments but simulation
studies indicate that the system is capable of managing the highly variable load profiles common to hospitals,
such as large variability in occupancy and thermal demand. We recognize the necessity to test the system
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on a wider variety of types of buildings. The work will be continued in the future with field tests in larger
buildings (more than 5000 m2) and of other building types, including commercial complexes and hospitals,
to prove the applicability of the system in various real-world conditions. Conclusively, the QEMES-ASHP
system is scalable and adaptive in nature. Although the present tests are dedicated to the 200 m2 buildings,
simulations and theoretical modelling show that the system can be scaled to larger buildings and adapted to
the dissimilar types of environments with the least changes.

Table 9 details the step-by-step experimental methodology used to test, validate, and benchmark the
QEMES-ASHP framework.

5 QEMES Implementation
The implementation of the QEMES framework integrates quantum computing, AI-driven control, and

multi-physics simulation into a scalable and modular software–hardware ecosystem aimed at achieving real-
time energy optimization while maintaining occupant comfort and system robustness. Recognizing the
current limitations of near-term quantum hardware, all claims of quantum enhancement are framed within
a hybrid quantum–classical computing paradigm to ensure practical feasibility and reproducibility.

5.1 Software Architecture
The system architecture follows a modular design that allows independent development, testing, and

validation of each core component—the quantum solver, AI controller, multi-physics simulation engine, and
IoT communication layer. This modularity facilitates easier debugging, system upgrades, and replacement
of individual modules without disrupting overall functionality.

The Variational Quantum Linear Solver (VQLS) is executed on an IBM Q 16-qubit processor to solve
ill-conditioned matrix sub-blocks within the multi-physics simulation. Classical sparse solvers serve as a
fallback mechanism to ensure uninterrupted execution in the event of quantum hardware unavailability or
cloud latency. Real-time multi-zone HVAC control, TES/PCM coordination, and occupancy adaptation are
handled through on-site RL/MPC inference operating on sub-second timescales.

The architecture supports multi-building implementations, bi-climate adaptation, and compatibility
with diverse IoT protocols such as Wi-Fi, Zigbee, and LoRaWAN. This design makes QEMES scalable,
portable, and easily integrable with heterogeneous building environments and existing management systems.

5.2 Hardware Requirements
The QEMES setup combines quantum processors, classical high-performance computing (HPC)

resources, and an extensive IoT sensor network to deliver high-fidelity simulations and AI-based control.
The classical resources include an eight-GPU cluster for training reinforcement learning models (typically
requiring 72–120 h) and high-memory compute nodes to execute multi-physics solvers capable of processing
large sparse matrices in real time. Quantum resources comprise IBM Q 16-qubit cloud access with closely
managed job scheduling to minimize downtime, while classical solvers maintain continuity when quantum
resources are unavailable.

The IoT layer includes over 150 sensors measuring temperature (±0.1○C), relative humidity (±2% RH),
occupancy, airflow, energy use, and solar irradiance. Multi-protocol connectivity ensures interoperability
across building systems, and the communication network provides 200 Mbps bandwidth with 30 ms
latency per component. All data transmissions are encrypted using TLS/HTTPS protocols for data security.
Sensors undergo calibration every 36 months, complemented by automated drift and seasonal compensation,
ensuring consistent accuracy across all climatic conditions—a crucial factor for validating AI-based control
throughout the annual experiment cycle.
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5.3 Algorithm Optimization
Algorithmic optimization in QEMES encompasses the quantum, AI, and multi-physics simulation

components. The VQLS is parameter-tuned on ill-conditioned matrix blocks, and quantum error-mitigation
techniques—such as zero-noise extrapolation and decoherence-sensitive scheduling—enhance solution
fidelity under noisy intermediate-scale quantum (NISQ) hardware constraints.

Reinforcement learning models are trained using both synthetic and historical datasets to general-
ize across diverse occupancy patterns, climatic conditions, and seasonal variations. Incremental learning
strategies minimize retraining overhead and sustain long-term adaptability. Adaptive time-stepping across
coupled physical domains—thermal (Δt ≈ 1 min), electrical (Δt ≈ 1 s), and airflow (Δt ≈ 10 ms)—balances
solver precision with real-time responsiveness. This optimization ensures that QEMES maintains high
accuracy and responsiveness while remaining computationally practical for full-scale building deployment.

5.4 Validation and Verification
System verification is conducted through rigorous cross-checks with classical solvers and multi-

physics simulations, ensuring numerical convergence (1 × 10−5) and compliance with CFL stability across
all domains. Computational performance benchmarks guarantee sub-second local control latency, with
quantum solver execution maintained at ≤250 ms for targeted ill-conditioned blocks.

Robustness is assessed through Monte Carlo sampling, evaluating uncertainty in energy consumption,
peak demand, thermal comfort, and economic metrics such as NPV. Sensitivity analyses identify the
dominant parameters affecting performance, guiding future optimization and highlighting system limita-
tions. Continuous seasonal calibration verifies measurement integrity, with deviations exceeding ±0.1○C
or ±2% RH triggering recalibration or data imputation to preserve data reliability during the 12-month
evaluation period.

The overall validation framework confirms that QEMES operates safely, efficiently, and reliably under
realistic environmental conditions. These evaluations provide strong confidence that the observed energy
savings and comfort improvements are genuine and reproducible in real-world building applications.

Primary Assumptions of Payback Period and NPV calculations:
The calculation of the payback period and NPV of the QEMES-ASHP system contained the following

key assumptions:
Energy Prices:
These were calculated using the present national average prices of energy in China with the cost of

electricity being about 0.10 USD/kWh to commercial buildings and 0.15 USD/kWh to residential buildings.
These values were presumed to be constant throughout the life of operation of the system. Increase in future
energy prices was however included in the calculations of NPV to represent possible future inflation in the
cost of energy.

Equipment Lifespan:
The components of the system (ASHP, thermal storage, and IoT sensors) were projected to have the

lifespan of 20 years. This was informed by the average life of such technologies based on the maintenance
periods and the durability of the systems.

Maintenance Costs:
The cost of maintenance was estimated at 3–5 percent of the initial installation cost, which comprises of

routine maintenance of the air source heat pumps, recalibration of sensors, and updating the system. These
expenses were estimated to grow at the rate of 2 percent every year to cover inflation.
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Efficiency of the System and Cost Savings of the Operation:
Savings of 31%–35%/annum in terms of energy were expected with the peak load savings to help in

reducing the cost of operation. The NPV and payback period were then calculated using these savings which
included direct energy cost savings and indirect savings through a reduction in system wear and tear.

Initial Investment:
Initial costs are the purchase and installation of the QEMES-ASHP system (equipment, sensors, control

software, and so on) and the configuration of the required infrastructure. This was approximated at USD
200,000 on an average building of 200 m2.

Economic Competitiveness in Case of Energy Price Changes or Equipment Cost Change:
In order to examine the economic competitiveness of the system in different circumstances, we

conducted a sensitivity analysis to determine the impact of changes in energy prices and equipment costs
variation on the payback period and NPV.

Energy Price Fluctuations:
We have taken into account the case of the electricity prices rising up to 30 percent during the lifetime

of the system in the sensitivity analysis. The payback period is less than 5 years in even this case and the NPV
is positive, which proves that the system makes economic sense even in the cases of the energy price rise.

Energy Price Reduction: In the case the energy prices would reduce by 10–15 percent, the NPV would
rise and the payback period will be reduced, which will make the system even more cost-effective.

Equipment Cost Changes:
The system was also tested on the fluctuations in equipment cost (e.g., 5%–20% rise in cost of ASHP

system or thermal storage unit). In the given case, NPV will reduce slightly, whereas the payback period
will be somewhere acceptable (less than 6 years). The NPV will be greater in case equipment costs are
going down by 10–15 percent, and the payback period will be lower, which will make the system more
financially appealing.

Sensitivity of maintenance cost:
Greater Maintenance Costs (up to 7% of the initial investment) would add a small amount of time to

the payback period but still would remain acceptable (less than 7 years). This implies that the system will still
be competitive even with more conservative assumptions of the cost of maintenance.

6 Results Analysis

6.1 Performance Metrics
The performance of the Quantum-Enhanced Multi-Physics Energy System (QEMES) was systematically

evaluated across quantum, energy, comfort, economic, environmental, and multi-climate dimensions. Each
result is contextualized within its methodological framework to ensure transparency, reproducibility, and
alignment with real-world building operation constraints.

Table 10 summarizes the performance metrics used for QEMES evaluation, defining their units,
measurement methods, benchmarks, achieved values, and validation tests. By integrating multiple
domains—energy efficiency (annual consumption, peak demand), occupant-centric comfort (thermal sat-
isfaction), and economic feasibility (payback period, NPV)—the framework achieves a holistic evaluation
of QEMES performance. Additionally, environmental sustainability is captured through carbon footprint
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reduction, while a composite multi-criteria score provides an integrated measure of overall system per-
formance. Each metric undergoes rigorous statistical validation, ensuring that improvements are both
statistically significant and practically relevant for deployment in real building environments.

Table 11 presents a comparative performance assessment of the QEMES (Quantum-Enhanced Multi-
Physics Energy System) against eight alternative building-energy strategies, normalized with QEMES as the
reference baseline (Overall Score = 100).

The QEMES configuration, integrating Bio-PCM, TES buffering, and quantum-enhanced RL–MPC
control, records the lowest annual energy consumption (52.0 ± 1.5 kWh/m2⋅yr) and peak demand (18.5 ±
0.5 W/m2), achieving superior thermal comfort (PPD = 5.2 ± 0.15%) and the shortest payback period (4.2
years).

It also yields the highest net present value (NPV = $1847/m2) and lowest total carbon footprint (630 kg
CO2eq/m2), underscoring strong sustainability performance.

Among conventional strategies, TES performs closest (Overall Score = 82.3) with moderate peak-load
reduction (−18.9%) but higher energy use (85.0 ± 2.4 kWh/m2⋅yr) and longer payback (7.9 years).

Systems such as radiant cooling, advanced façade, and SBMS exhibit reasonable comfort yet lim-
ited adaptability.

Traditional ASHP configurations, lacking AI and fractal-temporal optimization, remain the least
efficient, emphasizing the advantage of the integrated QEMES methodology.

Other conventional and advanced alternatives exhibit mixed performance outcomes, often character-
ized by higher energy consumption and less favorable economic returns. Radiant Cooling/Heating and
Advanced Façade Systems perform moderately well in terms of energy efficiency but exhibit significantly
higher peak demand (+51.4% and +62.2%, respectively) and reduced thermal comfort levels. Smart Building
Management Systems (SBMS) improve operational control but show a relatively high carbon footprint
(940 kg CO2eq/m2) and extended payback periods (8.3 years). Solar-Assisted Heat Pumps (SAHP) and
Hybrid ASHP systems demonstrate promising renewable integration potential, yet both experience excessive
peak demand (+116.2% and +105.4%) and higher lifecycle carbon emissions, resulting in lower overall scores
(60.2 and 48.0, respectively). The poorest performance is observed in the Standard Air Source Heat Pump
(ASHP), which records the highest annual energy use (125.0 ± 6.1 kWh/m2⋅yr), the highest peak demand
(+143.2%), the longest payback period (12.5 years), and the lowest comfort levels (PPD = 38.7 ± 1.0%).
Statistical tests confirm that all alternative systems differ significantly from QEMES (p ≤ 0.005), validating
the superior energy efficiency, economic viability, and carbon reduction capability of the proposed QEMES–
ASHP hybrid configuration, as illustrated in Fig. 8. Table 12 represents the comparison of QEMES-ASHP
System with Commercial BMS.
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Figure 8: Flowchart of data collection process.

Table 12: Comparison of QEMES-ASHP system with commercial BMS.

Metric QEMES-ASHP Siemens Desigo Honeywell Enterprise Manager
Control Accuracy (Temperature) ±0.2○C ±0.5○C ±0.4○C

Control Accuracy (Humidity) ±2% RH ±3% RH ±2.5% RH
Response Time ≤1 s ≤2 s ≤1.5 s

Annual Energy Savings 31%–35% 15%–20% 10%–15%
Peak Load Reduction 15%–30% 10%–12% 8%–10%

Thermal Comfort (PMV) ±0.15 ±0.2 ±0.2
Thermal Comfort (PPD) <10% <15% <12%

6.2 Quantum Enhancement Performance
The Variational Quantum Linear Solver (VQLS) converged to an Ill-conditioned matrix sub-block,

and residues were always under 1 × 10−5. Zero-noise extrapolation and decoherence-aware scheduling
were important error mitigation approaches and ensured numerical stability on the IBM Q 16-qubit cloud
processor. Quantum-assisted computation demonstrated an average speed up of about ~20% over classical
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sparse solvers of the same accuracy. Nevertheless, classical fallback guaranteed stability and non-stop
operation, which thoroughly reduces hardware failure or time-slots. A maximum building size of 5000 m2

with 10+ zones was experimentally proven to be scalable to performance in terms of hybrid quantum-classical
processing, and therefore, it is reasonable to consider that hybrid quantum-classical processing can be
extended to manage a district level of energy usage and remain mindful of the existing hardware constraints.

6.3 Energy Performance Results
QEMES had significant energy savings reaching 31%–35% per year compared to the baseline TES, PCM,

ASHP systems, and conventional HVAC systems. The efficiency of AI-based TES/PCM coordination in
flattening load profiles was also demonstrated by a reduction in peak demand by 15%–30%. The hot-humid
(Guangzhou) and cold (Beijing/Harbin) climate regions were found to reduce their energy consumption
most because of the capacity of multi-physics coupling to optimize the thermal, electrical, and airflow inter-
actions in an adaptive manner. Moderate improvements (approximately ~28%) were observed in temperate
zones and correspond to minor stress on the system in mild ambient conditions. Efficiency variance exhibited
low levels (±2%) across all seasons, which validates the strength of fractal-based temporal modelling when
it comes to prediction and control of building loads under diverse weather and occupancy conditions.

6.4 Thermal Comfort Assessment
Occupant thermal comfort measured using PMV/PPD indices was kept below the range of ±0.15

PMV and PPD ≤10%, which was greater than that of the conventional PCM and HVAC systems. Indoor
environments were optimized using adaptive AI-controlled setpoints without reducing energy efficiency. The
application of seasonal recalibration of IoT sensors together with real-time multi-zone control allowed the
system to meet the requirements of the ASHRAE 55 indoor environmental quality standards, which proved
that QEMES provides high levels of comfort even under the conditions of severe weather.

6.5 Economic Analysis
Life-cycle cost analysis revealed that QEMES is very extensive in minimizing the operational cost

through energy saving. It is important to note that the payback period calculated, 4.2 years, is consistent with
the average investment span of smart buildings. Sensitivity analysis revealed that economic performance was
very strong when energy prices and equipment costs varied by a range of ±10 percent, and this too reflects
resilience to market changes, which increases the confidence of investors. Sensitivity analysis indicated that
economic performance remained very robust under ±10% variation in energy prices and equipment costs,
which also demonstrates resilience against market fluctuations, as well as enhancing investment confidence.

6.6 Environmental Impact Assessment
The life-cycle carbon footprint analysis showed that greenhouse gas emissions were reduced by 30%

to 40% compared to conventional building systems. The energy savings were highly reflective of the CO2-
equivalent savings, and TES/PCM coordination minimized the auxiliary power. The addition of PV-assisted
operation added a further 12%–15% to the renewable energy fraction. Overall, QEMES satisfies global green
building standards and meaningfully mitigates operational environmental impacts.

6.7 Comparative Performance Analysis
Each of the metrics was statistically significantly better than the baseline systems (p < 0.001, 95% CI).

The reliability of observed gains was proven by bootstrapped confidence intervals (n = 1000). Weighted
multi-criteria scoring (Energy 0.4, Peak 0.25, Comfort 0.2, Economic 0.15) forced QEMES to 100, with
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decisive dominance in all climate zones. Testing of robustness showed stability in performance with different
occupancy, seasonal, and multi-zone operation (Fig. 9).

6.8 Multi Climate Zone Performance
QEMES installed zone-based RL control to manage the operations of HVAC, TES, and PCM based

on regional weather conditions. The greatest energy saving was achieved in hot-humid areas (up to 35%),
whereas extreme cold areas obtained excellent energy-saving (up to 32% energy reduction) with a higher
level of comfort. The analysis based on seasonal weather sensitivity showed that the extreme changes in
temperatures and humidity had an insignificant effect on the performance of the systems. Scalability was
tested with buildings of size 50–5000 m2 and multi-building networks, and showed that the methodology
could be used in other buildings, not just single buildings.

Figure 9: Comparative performance analysis of QEMES novel vs. baseline models.

6.9 Multi-Physics and AI Insights
An integrated thermal, electrical, and airflow system was measured, which showed that AI-enabled

switching reduced energy wastage in real time. The hybrid RL +MPC control approach was successful: RL
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served as the main controller to minimize energy usage and peak loads, and MPC was used as the safety back-
up in case of anomalies. The interplay of quantum-accelerated solver logic, fractal-based temporal prediction,
and AI-driven adaptive control is demonstrated by pseudocode and flowcharts, making it evident that the
given method is rather innovative and realistic.

6.10 Discussion of Novelty and Implications
QEMES has a number of distinctive contributions to the smart building energy management: (i)

a quantum-accelerated solver of ill-conditioned computational blocks, (ii) real-time multi-physics cou-
pling with adaptive time-stepping, (iii) AI-based hybrid control of RL and MPC, and (iv) predicting the
temporal loads in fractal mode with the help of fractional Brownian motion (fBm). QEMES is more
energy efficient, occupant comfortable, economical, and environmentally friendly than the top potential
platforms-EnergyPlus, TRNSYS, GSHP, and ASHP systems. Its practical application is also applicable to
architects, HVAC engineers, and policymakers by providing a solid, scalable, and replicable design to develop
low-carbon but highly efficient buildings.

7 Discussion
The Quantum-Enhanced Multi-Physics Energy System (QEMES) presents a very unique integration

of quantum computing, AI-driven control, multi-physics modelling, and fractal-based temporal prediction,
which offers a very holistic approach to high-performance building energy management. This section
evaluates technical innovation, practical implementation, policy relevance, limitations, and future research
directions, highlighting the system’s novelty and real-world applicability.

7.1 Technical Innovation Assessment
Quantum enhancement is observed in the work of the Variational Quantum Linear Solver (VQLS)

for ill-conditioned blocks in the matrices. The hybrid quantum-classical method exhibited accurate con-
vergences to less than <1 × 10−5 and offered ~20% computational speed improvement over classical
solvers, especially when faced with large or ill-posed matrices (>512 × 512). Real-time AI-controlled multi-
physics coupling that combine thermal, electrical, and airflow domains yielded substantial performance
improvements. Total energy savings were more than 30%, peak demand savings were between 15% and
30%, a reflection of effective load balancing and energy savings. That was complemented by the temporal
modelling of fractals based on the use of the fractional Brownian motion (fBm), which would also improve
the multi-scale load forecasting mechanism as well as coordinate the systems of TES and PCM, which would
be highly important in maximizing efficiency under different weather conditions. The occupant comfort was
consistently held within ±0.15 PMV and PPD ≤ 10% as the AI-based hybrid control system (a combination
of Reinforcement Learning (RL) and Model Predictive Control (MPC) fallback) could consistently control
the system according to different climate areas, and proved to be robust and effectively feasible in practice.

7.2 Practical Implementation Considerations
The use of QEMES needs proper planning because of the complexity of the system. The modular

design will enable quantum solver, AI controller, multi-physics simulation, and IoT integration modules
to be developed separately and tested independently, thereby enabling flexibility in deployment. Seasonal
calibration of the sensors and retraining the RL on a 6–12-month basis is also a maintenance requirement
to maintain a consistent accuracy and control performance. Fallback protocols such as classical solvers and
MPC guarantee continuity in the face of hardware or AI failure. Adoption will require training facility
managers and building operators, with particular focus on the understanding of the IoT networks, hybrid
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control logic, and performance monitoring dashboards. The economic feasibility is emphasized in the cost-
benefit analysis: the payback period of 4.2 years, NPV of 1847/m2, and including high levels of energy savings,
shows very great incentives to adopt it despite initial hardware and quantum access costs.

7.3 Policy and Regulatory Implications
QEMES supports most of the modern building energy requirements, such as the ASHRAE standards

and local building codes, thereby making it compliant and safe to operate. System directly leads to the targets
of carbon neutrality because it lowers the carbon footprint of the life-cycle by 30%–40% and incorporates
renewable energy sources and PV-assisted functionality. It can be scaled to other buildings or district
networks and, therefore, is an appropriate choice to use in smart city planning. Among the incentives
that policymakers may consider to adopt quantum-enhanced, AI-driven energy management systems are
subsidies on hybrid control implementation, energy efficiency credits, and research funding on quantum
computing integration in building automation, as provided in Fig. 10:

Figure 10: QEMES-ASHP—overall benefits.

In addition to general recommendations for widespread adoption, the following specific policy tools
could support the successful implementation of the QEMES-ASHP system:

1. Carbon Trading: Integration with carbon trading programs could incentivize building owners to
implement the QEMES-ASHP system, generating carbon credits that offset operational costs.

2. Energy Efficiency Subsidies: Governments should extend energy efficiency subsidies to AI- and
quantum-based building energy systems, enabling wider adoption of these technologies.

3. Quantum Computing R&D Funds: Governments should create R&D funding mechanisms for the
integration of quantum computing in energy management, particularly in the building sector.

7.4 Limitations and Constraints
Despite the promising results, QEMES still faces several limitations. The dependence on quantum

computing resources—particularly the IBM Q 16-qubit processor—can restrict continuous availability and
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limit scalability for large-scale implementation. Although validation across five representative Chinese
climate zones provides a strong foundation, further testing is required in extreme or highly variable climates.
The system was initially validated in a 200 m2 smart building, and larger or legacy buildings may demand
architectural retrofits, denser sensor networks, and recalibration efforts. Barriers to adoption also include
operator training requirements, higher initial capital investment, and the need for technical familiarity with
AI-driven and quantum-enhanced tools, which could slow early-stage deployment.

7.5 Future Research Directions
Future work should focus on developing lower-latency, higher-capacity architectures—such as advanced

VQLS implementations with more qubits and hybrid quantum-classical solvers—to enhance scalability
and reduce execution delays. Broader deployment testing in additional geographic regions and extreme
climatic conditions will improve generalizability. Integrating QEMES with smart grid systems could further
enable real-time interaction with demand-response programs and renewable energy generation. Incorpo-
rating stochastic modelling and AI-driven behavioural prediction techniques may improve load forecasting
accuracy and optimize energy management under dynamic occupancy and weather conditions.

7.6 Comparative System-Level Analysis
At the system level, QEMES demonstrates a unique synergy of AI, quantum-accelerated solvers, multi-

physics coupling, and fractal-based temporal modelling. Its mathematical framework effectively balances
energy consumption, peak-load reduction, occupant comfort, and economic viability, providing a transpar-
ent and reproducible optimization model. The framework aligns with national carbon-neutrality objectives
and smart-city strategies, offering policymakers, engineers, and building managers a scalable, resilient, and
evidence-driven solution. While challenges remain—particularly regarding quantum hardware availabil-
ity, climate-specific generalization, and operator expertise—these constraints provide clear directions for
continued improvement and broader applicability.

Table 13 thoroughly highlights the key contributions of the QEMES framework, emphasizing its
strengths in energy efficiency, occupant comfort, cost optimization, carbon reduction, and stakeholder
engagement. It systematically links each contribution to performance metrics, technologies used, economic
feasibility, scalability, and environmental impact. The novelty justification demonstrates how QEMES
integrates multi-physics simulation, quantum acceleration, and AI-driven hybrid control to surpass the
performance of conventional building energy management systems.

8 Conclusion
This study presents the Quantum-Enhanced Multi-Physics Energy System (QEMES)—a next-

generation framework that unifies quantum-accelerated solvers, AI-assisted hybrid control (Reinforcement
Learning with MPC fallback), multi-physics simulation, and fractal-based temporal forecasting to achieve
high-performance energy management in intelligent buildings. QEMES introduces several major advance-
ments, including reliable quantum-assisted computation of ill-conditioned matrix blocks, real-time
multi-zone control, adaptive TES/PCM coordination, and precise multi-scale load forecasting.



Energy Eng. 2026;123(12):15 57

Ta
bl

e1
3:

Ke
y

co
nt

rib
ut

io
ns

an
d

ju
sti

fic
at

io
n

of
no

ve
lty

in
Q

EM
ES

-A
SH

P
fr

am
ew

or
k.

A
sp

ec
t

K
ey

C
on

tr
ib

ut
io

n
Pe

rf
or

m
an

ce
M

et
ri

cs
N

ov
el

ty
Le

ve
l

Te
ch

no
lo

gy
U

se
d

Ec
on

om
ic

Fe
as

ib
ili

ty
Sc

al
ab

ili
ty

En
vi

ro
nm

en
ta

l
Im

pa
ct

St
ak

eh
ol

de
r

Be
ne

fit
N

ov
el

ty
Ju

st
ifi

ca
tio

n

Te
ch

ni
ca

l
In

no
va

tio
n

In
te

gr
at

io
n

of
qu

an
tu

m
co

m
pu

tin
g,

A
I-

ba
se

d
co

nt
ro

l,
m

ul
ti-

ph
ys

ic
s

co
up

lin
g,

an
d

fr
ac

ta
ll

oa
d

pr
ed

ic
tio

n.

En
er

gy
re

du
ct

io
n
>

30
%

,p
ea

k
de

m
an

d
re

du
ct

io
n

15
%

–3
0%

.

H
ig

h

Q
ua

nt
um

co
m

pu
tin

g,
A

I,
fr

ac
ta

l
m

od
el

lin
g.

St
ro

ng
co

st–
be

ne
fit

ca
se

de
m

on
str

at
ed

.

Ap
pl

ic
ab

le
to

ne
t-z

er
o

an
d

sm
ar

t
bu

ild
in

gs
.

Si
gn

ifi
ca

nt
ca

rb
on

fo
ot

pr
in

t
re

du
ct

io
n.

En
gi

ne
er

s,
op

er
at

or
s,

po
lic

ym
ak

er
s

be
ne

fit
fro

m
sy

ste
m

.

Fi
rs

tf
ul

ly
in

te
gr

at
ed

qu
an

tu
m

-
en

ha
nc

ed
m

ul
ti-

ph
ys

ic
s

en
er

gy
fr

am
ew

or
k.

Q
ua

nt
um

C
on

tr
ib

ut
io

n

VQ
LS

ac
hi

ev
ed

<
1×

10
−

5

re
sid

ua
ls

an
d

~2
0%

sp
ee

d-
up

fo
rl

ar
ge

m
at

ric
es

.

Re
lia

bl
e

co
nv

er
ge

nc
eo

n
ill

-c
on

di
tio

ne
d

m
at

ric
es
>

51
2

×
51

2.

H
ig

h

Va
ria

tio
na

l
Q

ua
nt

um
Li

ne
ar

So
lv

er
(V

Q
LS

).

Re
du

ce
d

co
m

pu
ta

tio
na

l
co

st
co

m
pa

re
d

to
cla

ss
ic

al
so

lv
er

s.

Sc
al

es
w

ith
hi

gh
er

-q
ub

it
pr

oc
es

so
rs

.

Lo
w

er
en

er
gy

co
ns

um
pt

io
n

re
du

ce
s

em
iss

io
ns

.

Q
ua

nt
um

re
se

ar
ch

er
s

ga
in

va
lid

at
io

n
us

ec
as

e.

D
em

on
str

at
es

m
ea

su
ra

bl
e

qu
an

tu
m

sp
ee

d-
up

in
bu

ild
in

g
en

er
gy

op
tim

iz
at

io
n.

M
ul

ti-
Ph

ys
ic

s
In

te
gr

at
io

n

C
ou

pl
in

g
of

th
er

m
al

,
ele

ct
ric

al
,a

nd
ai

rfl
ow

do
m

ai
ns

un
de

rr
ea

l-t
im

e
op

tim
iz

at
io

n.

D
yn

am
ic

en
er

gy
op

tim
iz

at
io

n
w

ith
im

pr
ov

ed
effi

ci
en

cy
.

H
ig

h
M

ul
ti-

ph
ys

ic
s

co
up

lin
g

sim
ul

at
io

n.

Lo
ad

-le
ve

lin
g

le
ad

st
o

en
er

gy
co

st
sa

vi
ng

s.

Ap
pl

ic
ab

le
to

la
rg

ea
nd

di
str

ic
t-l

ev
el

ne
tw

or
ks

.

Im
pr

ov
es

effi
ci

en
cy

of
re

ne
w

ab
le

in
te

gr
at

io
n.

Fa
ci

lit
y

m
an

ag
er

sg
ai

n
re

al
-ti

m
e

op
tim

iz
at

io
n

to
ol

s.

C
ou

pl
es

th
er

m
al

,
ele

ct
ric

al
,a

nd
ai

rfl
ow

do
m

ai
ns

fo
r

ho
lis

tic
op

tim
iz

at
io

n.

A
I-

D
riv

en
H

yb
rid

C
on

tro
l

H
yb

rid
RL

–M
PC

co
nt

ro
l

m
ai

nt
ai

ne
d

PM
V

±
0.

15
an

d
PP

D
≤

10
%

ac
ro

ss
al

l
te

ste
d

cli
m

at
e

zo
ne

s.

C
om

fo
rt

m
ai

nt
ai

ne
d

w
ith

ad
ap

tiv
e

co
nt

ro
li

n
re

al
tim

e.

H
ig

h
Re

in
fo

rc
em

en
t

Le
ar

ni
ng
+

M
PC

fa
llb

ac
k.

Lo
w

er
H

VA
C

en
er

gy
us

e
re

du
ce

sO
PE

X.

Ad
ap

ta
bl

et
o

di
ve

rs
ec

lim
at

e
zo

ne
s.

Re
du

ce
s

ov
er

-c
oo

lin
g

an
d

ov
er

-h
ea

tin
g

lo
ss

es
.

O
cc

up
an

ts
ex

pe
rie

nc
e

im
pr

ov
ed

co
m

fo
rt

.

C
om

bi
ne

sR
L

an
d

M
PC

fo
r

ro
bu

st
an

d
ad

ap
tiv

e
co

m
fo

rt
co

nt
ro

l.

Te
m

po
ra

l
Fo

re
ca

sti
ng

Fr
ac

ta
l-b

as
ed

fB
m

lo
ad

pr
ed

ic
tio

n
en

ab
le

d
pr

ec
ise

TE
S

an
d

PC
M

co
or

di
na

tio
n.

En
ha

nc
ed

ac
cu

ra
cy

of
m

ul
ti-

sc
al

e
lo

ad
fo

re
ca

sts
.

M
ed

iu
m

–H
ig

h
Fr

ac
tio

na
l

Br
ow

ni
an

M
ot

io
n

(fB
m

).

Im
pr

ov
ed

pr
ed

ic
tio

n
m

in
im

iz
es

ov
er

-
pr

ov
isi

on
in

g.

Fo
re

ca
st

in
g

ge
ne

ra
liz

ab
le

to
m

ul
tip

le
tim

es
ca

le
s.

Be
tte

r
sc

he
du

lin
g

av
oi

ds
un

ne
ce

ss
ar

y
en

er
gy

w
as

te
.

U
til

iti
es

ga
in

be
tte

rd
em

an
d-

re
sp

on
se

pr
ed

ic
ta

bi
lit

y.

In
tro

du
ce

s
fr

ac
ta

l
m

od
el

lin
g

fo
r

bu
ild

in
g

lo
ad

fo
re

ca
sti

ng
an

d
co

nt
ro

l.

(C
on

tin
ue

d)



58 Energy Eng. 2026;123(12):15

Ta
bl

e1
3

(c
on

tin
ue

d)

A
sp

ec
t

K
ey

C
on

tr
ib

ut
io

n
Pe

rf
or

m
an

ce
M

et
ri

cs
N

ov
el

ty
Le

ve
l

Te
ch

no
lo

gy
U

se
d

Ec
on

om
ic

Fe
as

ib
ili

ty
Sc

al
ab

ili
ty

En
vi

ro
nm

en
ta

l
Im

pa
ct

St
ak

eh
ol

de
r

Be
ne

fit
N

ov
el

ty
Ju

st
ifi

ca
tio

n

Im
pl

em
en

ta
tio

n
Fe

as
ib

ili
ty

M
od

ul
ar

ar
ch

ite
ct

ur
e,

RL
re

tr
ai

ni
ng

,a
nd

fa
llb

ac
k

pr
ot

oc
ol

se
ns

ur
e

sc
al

ab
ili

ty
an

d
re

sil
ie

nc
e.

Pa
yb

ac
k

pe
rio

d
4.

2
ye

ar
s,

N
PV

$1
84

7/
m

2 .
M

ed
iu

m

Io
T-

ba
se

d
se

ns
in

g
ne

tw
or

k,
m

od
ul

ar
ha

rd
-

w
ar

e/
so

ftw
ar

e.

Pa
yb

ac
k
<

5
ye

ar
si

m
pr

ov
es

ad
op

tio
n

po
te

nt
ia

l.

M
od

ul
ar

de
pl

oy
m

en
t

su
pp

or
ts

ph
as

ed
sc

al
in

g.

Su
pp

or
ts

su
sta

in
ab

ili
ty

go
al

so
fg

re
en

bu
ild

in
gs

.

O
w

ne
rs

ga
in

RO
Ia

nd
lo

w
er

lif
ec

yc
le

co
sts

.

Ad
dr

es
se

sb
ot

h
ha

rd
w

ar
ea

nd
op

er
at

or
re

ad
in

es
sf

or
de

pl
oy

m
en

t.

Po
lic

y
A

lig
nm

en
t

C
om

pl
ie

sw
ith

A
SH

RA
E

sta
nd

ar
ds

an
d

re
du

ce
sl

ife
-c

yc
le

ca
rb

on
fo

ot
pr

in
t

by
30

%
–4

0%
.

Su
pp

or
ts

re
ne

w
ab

le
in

te
gr

at
io

n
an

d
di

str
ic

t-l
ev

el
ne

tw
or

ks
.

H
ig

h

PV
-a

ss
ist

ed
op

er
at

io
n,

en
er

gy
co

de
s

co
m

pl
ia

nc
e.

Po
te

nt
ia

lf
or

su
bs

id
ie

sa
nd

en
er

gy
cr

ed
its

.

C
om

pa
tib

le
w

ith
ci

ty
-w

id
e

en
er

gy
in

fr
as

tr
uc

tu
re

.

En
ab

le
s

di
str

ic
t-l

ev
el

de
ca

rb
on

iz
a-

tio
n.

G
ov

er
nm

en
ts

ad
va

nc
e

cli
m

at
e-

ac
tio

n
pl

an
s.

Br
id

ge
s

ad
va

nc
ed

te
ch

no
lo

gy
w

ith
en

er
gy

po
lic

y
fo

r
de

ca
rb

on
iz

a-
tio

n
an

d
tr

an
sit

io
n.

Li
m

ita
tio

ns

Li
m

ite
d

qu
an

tu
m

re
so

ur
ce

av
ai

la
bi

lit
y,

sm
al

l-s
ca

le
te

stb
ed

(2
00

m
2 ),

an
d

op
er

at
or

tr
ai

ni
ng

re
qu

ire
m

en
ts.

Re
qu

ire
s

re
ca

lib
ra

tio
n

an
d

ad
de

d
se

ns
or

sf
or

la
rg

eb
ui

ld
in

gs
.

Lo
w

–M
ed

iu
m

IB
M

Q
16

-q
ub

it
pr

oc
es

so
r

de
pe

nd
en

cy
.

H
ig

h
in

iti
al

in
ve

st
m

en
t

m
ay

lim
it

ad
op

tio
n.

Re
qu

ire
s

ad
di

tio
na

l
ha

rd
w

ar
ef

or
le

ga
cy

bu
ild

in
gs

.

Te
st

in
g

lim
ite

d
to

fiv
eC

hi
ne

se
cli

m
at

ez
on

es
.

Tr
ai

ni
ng

an
d

ad
op

tio
n

pr
og

ra
m

s
re

qu
ire

d.

Ac
kn

ow
le

dg
es

ba
rr

ie
rs

to
re

al
ist

ic
la

rg
e-

sc
al

e
ad

op
tio

n
pl

an
ni

ng
.

Fu
tu

re
Re

se
ar

ch

Ex
pl

or
e

hi
gh

er
-q

ub
it

VQ
LS

,s
to

ch
as

tic
oc

cu
pa

nt
m

od
el

lin
g,

an
d

sm
ar

t-g
rid

in
te

gr
at

io
n.

Po
te

nt
ia

lt
o

re
du

ce
so

lv
er

la
te

nc
y

an
d

im
pr

ov
e

pr
ed

ic
tio

n
ac

cu
ra

cy
.

H
ig

h

H
yb

rid
qu

an
tu

m
-

cla
ss

ic
al

ap
pr

oa
ch

es
an

d
A

Im
od

els
.

Fu
rt

he
r

re
se

ar
ch

ca
n

lo
w

er
im

pl
e-

m
en

ta
tio

n
co

st.

G
en

er
al

iz
ab

le
w

ith
ex

pa
nd

ed
cli

m
at

e
da

ta
se

ts
.

Fu
rt

he
rw

or
k

ca
n

op
tim

iz
e

re
ne

w
ab

le
in

te
ra

ct
io

n.

C
ol

la
bo

ra
tiv

e
re

se
ar

ch
op

po
rt

un
iti

es
cr

ea
te

d.

La
ys

th
e

fo
un

da
tio

n
fo

r
ne

xt
-

ge
ne

ra
tio

n
qu

an
tu

m
-r

ea
dy

an
d

A
I-

in
te

gr
at

ed
en

er
gy

sy
ste

m
s.

(C
on

tin
ue

d)



Energy Eng. 2026;123(12):15 59

Ta
bl

e1
3

(c
on

tin
ue

d)

A
sp

ec
t

K
ey

C
on

tr
ib

ut
io

n
Pe

rf
or

m
an

ce
M

et
ri

cs
N

ov
el

ty
Le

ve
l

Te
ch

no
lo

gy
U

se
d

Ec
on

om
ic

Fe
as

ib
ili

ty
Sc

al
ab

ili
ty

En
vi

ro
nm

en
ta

l
Im

pa
ct

St
ak

eh
ol

de
r

Be
ne

fit
N

ov
el

ty
Ju

st
ifi

ca
tio

n

Sy
ste

m
-L

ev
el

Im
pa

ct

A
lig

ns
w

ith
ca

rb
on

-
ne

ut
ra

lit
y

ro
ad

m
ap

an
d

sm
ar

t-c
ity

in
iti

at
iv

es
.

Pr
ov

id
es

ev
id

en
ce

-
ba

se
d,

re
pr

od
uc

ib
le

en
er

gy
op

tim
iz

at
io

n
ou

tc
om

es
.

Ve
ry

H
ig

h
M

ul
ti-

ob
je

ct
iv

e
op

tim
iz

at
io

n
fr

am
ew

or
k.

En
co

ur
ag

es
po

lic
y-

le
ve

l
fin

an
ci

al
in

ce
nt

iv
es

.

D
es

ig
ne

d
fo

r
re

pl
ic

ab
le

an
d

re
pr

od
uc

ib
le

de
pl

oy
m

en
t.

Cr
iti

ca
lt

o
ac

hi
ev

in
g

ca
rb

on
-n

eu
tr

al
ta

rg
et

s.

En
ab

le
s

sm
ar

t-c
ity

de
pl

oy
m

en
t

an
d

la
rg

e-
sc

al
e

su
sta

in
ab

ili
ty

in
iti

at
iv

es
.

Se
ts

an
ew

be
nc

hm
ar

k
fo

r
ne

t-z
er

o
an

d
qu

an
tu

m
-

en
ha

nc
ed

bu
ild

in
g

re
se

ar
ch

.



60 Energy Eng. 2026;123(12):15

Experimental validation across multiple climate zones confirms that QEMES consistently outperforms
conventional and baseline systems. The framework achieves 31%–35% annual energy savings, 15%–30% peak
load reduction, enhanced occupant comfort (PMV ±0.15, PPD ≤10%), strong financial performance (NPV =
$1847/m2, payback ≈ 4.2 years), and 30%–40% lower life-cycle carbon emissions. Its modular, interoperable,
and reproducible architecture supports seamless integration with IoT-enabled Building Management Sys-
tems (BMS), district-scale coordination, and renewable energy infrastructures, delivering both operational
efficiency and occupant well-being.

Looking ahead, the scalability and generalizability of QEMES can be further enhanced through
advanced quantum algorithms with higher-qubit processors and hybrid quantum-classical techniques,
enabling larger building networks to be optimized with greater accuracy and lower latency. Long-term
testing across diverse geographical regions and extreme climatic conditions will strengthen robustness
and transferability. Integration with smart grids and real-time demand-response mechanisms will further
increase renewable utilization and system adaptability. Moreover, incorporating stochastic and AI-driven
occupant behavior modelling will pave the way for fully autonomous, low-carbon, and resilient smart
building energy ecosystems capable of supporting global net-zero objectives.
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