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Abstract

Accurate and computationally efficient building energy models are essential for retrofit
decision-making under climate uncertainty. This study evaluates the use of simplified building
energy models within simulation-based multi-objective optimization frameworks. Detailed
models provide high predictive accuracy but impose substantial computational costs when
optimization requires large numbers of simulations. Simplified models reduce computational
effort but may introduce errors that affect the identification and ranking of energy conservation
measures. This research quantifies these trade-offs, evaluates climate sensitivity, and proposes

methods to improve predictive accuracy without modifying physical structure.

The study is organized into three phases. The first phase assesses the effects of common
simplification strategies, including thermal zone aggregation, HVAC abstraction, material
property reduction, and geometry simplification, on model accuracy and optimization
performance. A commercial building case study shows that simplification reduces simulation
and optimization time by more than an order of magnitude. Error magnitude and direction
depend strongly on building typology and abstraction type. HVAC idealization and excessive
zoning aggregation distort Pareto-optimal solutions and lead to suboptimal retrofit
recommendations. Parallel computing further improves efficiency, enabling large-scale

optimization using both detailed and simplified models.

The second phase examines the sensitivity of simplified models to climate inputs, including
typical and actual meteorological years, future climate projections, and extreme hot and cold
conditions. Using a mid-rise dormitory as a case study, results indicate that simplification-
induced errors vary across climate scenarios and may intensify during extreme events or

seasonal transitions, highlighting the importance of climate-aware model selection.



The third phase introduces an external artificial neural network adjustment that improves the
predictive accuracy of simplified models without altering their physical structure. The
approach restores hourly load and objective-function accuracy across all case studies,
particularly for complex buildings where simplification effects are most pronounced.
Embedded within a prNSGA-III framework, the method preserves Pareto-front structure while

maintaining computational efficiency.

Overall, the results demonstrate that simplified models can support efficient and reliable retrofit
optimization when their limitations are explicitly evaluated and addressed. The proposed
methodology offers a structured framework for assessing simplified models under climate
uncertainty and enhancing accuracy through data-driven correction, supporting scalable retrofit

planning for existing buildings.
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Chapter 1: Introduction

The building sector accounts for about 39% of global energy consumption and carbon
emissions worldwide [1]. This impact is particularly pronounced in existing buildings, many
of which were constructed before modern energy-efficiency standards were implemented. As
these older structures are gradually replaced, retrofitting emerges as a crucial measure to reduce
emissions and promote sustainability [2]. Retrofitting typically involves improving building
envelopes and upgrading mechanical systems to enhance energy performance [3]. Building
Performance Simulation (BPS) plays a pivotal role in retrofitting efforts by providing advanced
tools to assess the potential impacts of various energy efficiency measures. By enabling
building designers and decision-makers to model existing energy consumption, BPS facilitates
accurate predictions of the benefits associated with proposed interventions. This capability
ensures retrofit decisions are well-informed and based on reliable data. However, optimizing
these strategies presents challenges, particularly in balancing multiple, often conflicting
objectives, such as minimizing costs, maximizing energy savings, and enhancing occupant
comfort. This balancing act becomes increasingly complex when considering the wide array of

available retrofit strategies [4—7].

To address these challenges, Building Performance Optimization (BPO) is employed to
identify the most effective retrofit strategies. BPO utilizes objective functions focused on
specific performance metrics, including energy efficiency, cost-effectiveness, and occupant
satisfaction [8]. However, the computational cost of direct optimization can be prohibitively
high, often requiring hundreds or thousands of simulations to evaluate potential solutions
[9,10]. This challenge is particularly pronounced in Simulation-Based Multi-Objective
Optimization (SBMO), where model complexity and the sheer volume of required simulations

create a substantial computational burden [11-13]. Given these constraints, there is a pressing



need to improve the optimization process's efficiency. One effective strategy is to simplify the
building energy model, thereby reducing both development time and computational demand.
Recent studies have explored the impact of simplification techniques on prediction accuracy
and computational requirements, demonstrating that strategic model simplifications can yield

significant efficiency gains without substantially compromising accuracy [14,15].

Additionally, optimization efficiency can be improved by employing techniques such as multi-
stage optimization algorithms and parallel computing. These techniques are increasingly
integrated into BPO methodologies, enabling the simultaneous evaluation of multiple solutions
and dramatically reducing the time to convergence [16,17]. Such advancements in
computational techniques are essential for overcoming the limitations of traditional simulation-

based approaches, especially in complex scenarios with multiple objectives.

While optimizing for multiple objectives, such as cost and energy consumption, improves the
reliability of retrofit strategies, climate change introduces additional uncertainty. As global
temperatures rise, the increased frequency and intensity of heat waves will drive higher cooling
demand, especially in older buildings with outdated energy systems. This strains energy
infrastructure and exacerbates thermal discomfort, particularly during hot seasons. Therefore,
incorporating climate change scenarios into BPO ensures retrofits remain effective under future
climate conditions. Without accounting for climate risks, energy performance simulations may
underestimate future energy demands, leading to inadequate retrofit strategies that fail to meet

sustainability goals.

To improve the efficiency of building performance optimization, this reserach examines
acceleration methods, including strategies to reduce the complexity and development time of
energy models and enhance the optimization process. The review also explores how BPO can
incorporate climate resilience, ensuring that retrofit strategies are effective under future climate
conditions. This review provides the foundation for an optimization framework that enhances
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energy retrofit efficiency and long-term sustainability by identifying trends, assessing

effectiveness, and addressing gaps.
1.1 Research Objectives

This research aims to investigate the reliability, efficiency, and applicability of simplified
building energy models within simulation-based multi-objective optimization frameworks for
retrofit decision-making under climate uncertainty. The study seeks to systematically quantify
the trade-offs between model fidelity and computational performance, and to develop methods
that improve the predictive accuracy of simplified models while preserving their underlying

physical structure.
To achieve this overall goal, the following research objectives were pursued:

* Evaluate the impact of common building energy model simplification strategies
This objective examines how reductions in thermal zoning resolution, HVAC system
representation, material property definition, and geometric detail influence prediction accuracy,

computational cost, and optimization outcomes in simulation-based retrofit analysis.

* Quantify simplification-induced errors within multi-objective optimization frameworks
This objective assesses how simplification affects Pareto-optimal solutions, decision variable
selection, and objective trade-offs, rather than focusing solely on isolated energy prediction

€Irors.

» Assess the performance of simplified models under diverse climate conditions
This objective investigates the sensitivity of detailed and simplified models to different weather
datasets, including typical meteorological years, actual meteorological years, future climate

projections, and extreme hot and cold events.

» Examine the interaction between climate wuncertainty and model simplification

This objective identifies whether simplification-related inaccuracies remain stable or intensify
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under changing climate conditions, particularly during seasonal transitions and extreme

weather periods.

* Develop and validate a data-driven external correction approach for simplified models
This objective introduces an artificial neural network-based adjustment method that improves

the predictive accuracy of simplified models without altering their physical configuration.

» [Integrate ANN-enhanced simplified models into multi-objective optimization
This objective evaluates whether the proposed ANN correction restores the accuracy and

structural integrity of Pareto fronts in cost, energy, and environmental optimization problems.

1.2 Contribution to the Field

This thesis makes several original contributions to the field of building energy modeling and
retrofit optimization, particularly in the context of computational efficiency and climate

uncertainty:

» Systematic evaluation of simplification strategies within optimization, not standalone
simulation

Unlike most prior studies that evaluate simplified models through single-scenario energy
comparisons, this research quantifies the impacts of simplification directly within multi-
objective optimization workflows, capturing their influence on Pareto fronts and retrofit

decision-making.

» Demonstration that simplification errors propagate nonlinearly through optimization
processes

The study shows that simplification-induced inaccuracies distort Pareto-optimal solution
spaces, potentially leading to suboptimal retrofit recommendations even when average energy

errors appear modest.



. Climate-sensitive ~ assessment  of  simplified  building  energy  models
This work is among the first to evaluate how simplified models perform across multiple climate
representations, including future climate scenarios and extreme weather years, highlighting that

simplification robustness is climate-dependent.

* Identification of building typology and system complexity as key drivers of simplification
reliability

The findings demonstrate that the suitability of simplified models varies significantly across
building types, with complex, heterogeneous buildings exhibiting greater sensitivity to zoning

and HVAC abstraction.

* Introduction of an external ANN-based correction framework that preserves physical

modeling structure

Rather than replacing physics-based models with surrogate models, this research is the first to
propose a hybrid approach that enhances simplified model outputs while retaining

interpretability and physical consistency.

* Validation of ANN-enhanced simplified models within multi-objective optimization
The integrated ANN—-prNSGA-III framework successfully restores the accuracy and structural
characteristics of Pareto fronts, ensuring reliable optimization outcomes with substantially

reduced computational cost.

* Provision of a practical decision-support framework for early retrofit analysis
By linking simplification level, climate condition, and building complexity, this thesis offers
actionable guidance for practitioners seeking efficient yet reliable modeling strategies in the

early stages of retrofit decision-making.

» Validation across three real-world case studies with distinct building typologies

This research evaluates simplified and detailed building energy models using three real existing



buildings, including a commercial building, a mid-rise residential dormitory, and a single-
family detached house. The use of multiple real case studies with different scales, functions,
and system complexities strengthens the general applicability of the findings and allows cross-

comparison of simplification effects across building typologies.

1.3 Outline of the Thesis

This thesis is structured into six chapters, combining a general methodological framework with
three research articles that address different aspects of simplified building energy modeling and

retrofit optimization under climate uncertainty.

Chapter 1 introduces the research context and motivation, highlighting the challenges
associated with computational cost and accuracy in simulation-based multi-objective
optimization for building retrofits. It presents a critical review of the relevant literature,

identifies key research gaps, and defines the research objectives and the thesis's contributions.

Chapter 2 presents the general methodology adopted across all studies. This chapter describes
the selected case studies, including a commercial building, a mid-rise residential dormitory,
and a single-family detached house. It outlines the development of detailed and simplified
building energy models and describes the applied simplification strategies related to thermal

zoning, HVAC system representation, material properties, and geometry.

Chapter 3 investigates the influence of model simplification on computational efficiency and
optimization outcomes. Using simulation-based multi-objective optimization, this chapter
evaluates how different simplification strategies affect prediction accuracy, computational
time, Pareto-optimal solutions, and retrofit decision-making. The chapter also examines the

role of parallel computing in accelerating optimization processes.

Chapter 4 examines the sensitivity of detailed and simplified building energy models to

different climate datasets. This chapter evaluates model performance under typical



meteorological years, actual meteorological years, future climate projections, and extreme hot
and cold weather conditions. The implications of future climate projections on optimization

results and retrofit strategy selection are discussed.

Chapter 5 presents an artificial neural network-based external adjustment framework designed
to improve the predictive accuracy of simplified models. This chapter evaluates the training
performance of the neural networks and assesses their integration into multi-objective
optimization, focusing on restoring accuracy in monthly predictions and objective functions

while maintaining computational efficiency.

Chapter 6 summarizes the thesis's overall findings, highlighting the main conclusions from
each research article. It discusses the limitations of the current work and provides
recommendations for future research directions, including simplified modeling, climate-aware

optimization, and data-driven enhancement methods.

1.4 Review of Literature

1.4.1 Model Simplifications

A practical approach to addressing computational challenges in SBMO is to simplify building
energy models, thereby minimizing both model complexity and the time required for
development and simulation. This approach also facilitates the evaluation of various
technologies and design strategies during the early [18]. Recent studies have explored how
commonly used simplification techniques affect prediction accuracy and computational
requirements [14,15]. One of the most common methods is thermal zone abstraction. A thermal
zone is a building section where HVAC demand is sufficiently uniform to be controlled by a
single unit or thermostat [ 19,20]. Standards such as ASHRAE 90.1, Canada's EE4, and the BRE

National Calculation Methodology (NCM) provide guidelines for using simplified thermal



zoning, HVAC, and geometric representations to balance computational efficiency and

predictive accuracy.

The UK's BRE NCM [31] provides guidelines for dividing buildings into thermal zones to
ensure consistency in energy performance assessments for regulatory compliance. Zoning must
align with the building’s operational control strategy, ensuring that each zone uses the same
heating and cooling setpoints, ventilation systems, and plant operating schedules. Setback
conditions, such as reduced heating during unoccupied periods, must also be consistently
applied across the zone. Furthermore, the same types of HVAC terminal units (e.g., radiators
or air-handling units) and primary plant systems must serve all areas within a zone, and the
control strategy should be uniformly applied. The NCM permits combining adjoining thermal

zones with similar characteristics, but the influence of partitions must be considered.

ASHRAE 90.1 (2019) [19], a widely used standard in North America, provides zoning
guidelines to ensure energy-efficient designs comply with regulations. Spaces with identical
functions served by the same HVAC system can be grouped into a single thermal zone if their
orientations are similar or differ by no more than 45 degrees. Within the ASHRAE framework,
a "space" is a subdivision of an HVAC zone, and HVAC zones represent thermal concepts
rather than physical boundaries. Figure 1-1 illustrates the hierarchical relationship between
spaces, HVAC zones, and thermal blocks, with similar zones grouped into thermal blocks for
streamlined modeling. Residential buildings require at least one thermal block per unit,
particularly for corner units and those with roof or floor loads. Although plenums are typically

modeled separately, they can be combined with conditioned spaces for simplicity.

Canada’s EE4 standard [21] focuses on modeling energy performance in commercial and
institutional buildings, particularly in response to the challenges of the Canadian climate. It
advocates grouping spaces with similar HVAC systems, schedules, and internal loads into a
single thermal zone. Auxiliary spaces, such as corridors, stairwells, equipment rooms, and
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laundry rooms, are excluded from zoning to concentrate on areas with higher HVAC demands.
This approach effectively captures significant thermal variations, especially between north-
and south-facing zones, which are critical in heating-dominated climates. However, excluding

auxiliary spaces can underestimate total energy use, potentially affecting the accuracy of

PN
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Figure 1-1: Structure of Spaces, HVAC Zones, and Thermal Blocks based on ASHRAE 90.1 (2019)
[20].

optimization efforts.
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Figure 1-2: Zoning strategy for a typical school building based on EE4 [21].

While these standards provide a foundation for regulatory compliance, they may not always
offer the detail needed for more complex simulations. Assigning too many thermal zones can
increase complexity, slow simulations, and increase computational costs. Simplifying thermal

zones can significantly reduce simulation time. [22,23].



Elhadad et al. [14] examined the effects of thermal zone simplification in residential buildings
within hot, arid climates by comparing a detailed model with four simplified scenarios.
Scenario S1, which grouped spaces by use and orientation, reduced modeling time by 79% and
simulation time by 63% while underestimating energy use by 12.7% and thermal comfort by
21.4%. The most simplified model (S4) saved 95% of modeling time and 94% of simulation
time but resulted in larger deviations, underestimating energy use by 35.8% and thermal
comfort by 63.3%. Klimczak et al. [24] investigated the impact of thermal zone and shading
simplifications in building energy simulations through four variants of varying complexity,
focusing on low-energy residential buildings in Poland. The simplified model, which excluded
bathroom zones and reduced the number of zones from 70 to 25, achieved a 3.5% reduction in
energy consumption compared to the baseline (133.1 GJ). This model also showed a peak
hourly power demand nearly identical to the baseline, with only a 0.08% difference (26.03 kW
versus 26.01 kW). Larsen et al. [25] explored the impact of model simplification on energy and
Indoor Environmental Quality (IEQ) in Nordic climates. While energy demand was relatively
insensitive to zoning complexity (3% average deviation), non-energy Key Performance
Indicators (KPIs), such as thermal comfort, showed deviations of up to 23.7% during heating

seasons with simplified models.

In large-scale models, simplifications become even more critical. For example, Johari et al.
[15] compared energy performance and zoning configurations for three multifamily buildings
using IDA ICE, TRNSYS, and EnergyPlus. Simplifications affected results differently across
tools, with EnergyPlus underestimating and IDA ICE overestimating heat demand in single-
zone models (variation within £5%). Deviations of up to 9% in heating demand were observed
between the simplest (LoD1) and most detailed (LoD3) models. The study favored LoD1
models for Urban Building Energy Models (UBEMs), balancing computational efficiency and

accuracy. Chen et al. [26] evaluated 940 office and retail buildings in San Francis and compared
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three zoning methods: OneZone, AutoZone, and Prototype. The OneZone method, using a
single thermal zone per floor, reduced fan capacity by 15.2%, cooling capacity by 11.1%,
heating capacity by 11.0%, space heating load by 16.9%, and cooling load by 7.5% compared
to the more complex AutoZone method. It achieved 50% faster simulation times using floor

multipliers, albeit at the cost of reduced accuracy.

Geometry simplifications also improve simulation efficiency. Heidarinejad et al. [27]
introduced a framework to balance accuracy and complexity in building energy models,
demonstrating that variations in shape and zoning can affect simulation results by up to 10%.
They identified 14 typical building shapes that represent over 80% of neighborhood-scale
buildings and 60% of city-scale buildings, and proposed a method to model the remaining 20%.
Santos et al. [28] conducted experiments on the simplification of complex geometry. The first
experiment focused on simplifying double-curved building envelopes, achieving a 112-fold
reduction in simulation time (from 15,407 seconds to 3 minutes and 53 seconds) with minimal
error in hourly energy predictions (CVRMSE = 3.4%, NMBE = 0.1%). The second experiment
involved simplifying multi-zone models, with one model reducing simulation time by 95.8%
and another by 99.4%, completing simulations in just 89 seconds. The first model reported
errors of 6.4% and -1.4% for CVRMSE and NMBE, respectively, while the second model

reported errors of 7.2% and -1.7%.

Beyond thermal zones and geometry, simplifications in HVAC systems, materials, and internal
load schedules also accelerate simulations. Al-Janabi et al. [29] highlighted the impact of
HVAC system simplification on the accuracy of energy predictions, showing that
oversimplified approaches can lead to significant discrepancies. Using an ideal air load system,
a common simplification in the early design phase, introduced a 96.9% error in cooling energy
predictions for a Canadian university facility compared to a detailed HVAC model. This

research emphasizes that while such simplifications improve simulation efficiency, they
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sacrifice prediction accuracy, especially in cooling and heating loads. When comparing
EnergyPlus and IES for the ideal air load system scenario, they revealed discrepancies of 1.7%
in heating and 7.8% in cooling loads between the two tools, despite identical input parameters.
Picco et al. [30] emphasized the importance of accurate HVAC modeling, showing that
omitting humidity control can skew energy predictions, with total differences of 9.63% for
heating and 4.72% for cooling loads. Peak heating and cooling power differences were 3.7%
and 2.4%, respectively. Simplifying geometry led to an overestimate of heating energy by 15%,
while simplifying material properties resulted in only a 0.2% difference. Ren et al. [31]
investigated the effects of thermal zoning and internal load scheduling on decision-making for
heating-related retrofit in British semi-detached houses. Combining rooms with similar thermal
characteristics underestimated annual heating demand by approximately 7% while modeling
the entire house as a single zone resulted in a 24% underestimation compared to the detailed
model. Using actual internal load profiles derived from smart meter data showed significant
variations in energy predictions, with errors reaching up to 325% for electricity and 69% for

heating demand when simplified schedules were used.

While simplification strategies significantly accelerate simulation time, they might
compromise predictive accuracy, particularly in optimization workflows that explore a wide
range of retrofit combinations. To address this limitation, researchers have explored calibration
methods to improve the reliability of building energy models before optimization [32-42].
These calibration techniques, often grounded in statistical modeling or machine learning, seek
to align simulation outputs with measured or high-fidelity reference data. Recent efforts have
focused on developing automated and semi-automated calibration frameworks that improve
model accuracy while maintaining simplified configurations. For instance, Herbinger et al. [38]
introduced a surrogate-based neural network calibration method employing a multilayer

perceptron to infer uncertain building parameters, integrating external drivers such as weather
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and internal schedules. Similarly, Chong et al. [35,41] applied Bayesian calibration methods
that leverage large datasets, combining information-theoretic subset selection with a No-U-
Turn Sampler (NUTS) to efficiently navigate the parameter space. Sun et al. [33] proposed a
pattern-based automated calibration strategy that links parameter tuning to systematic bias
detection in load profiles, reducing reliance on manual input while maintaining physical
interpretability. Other researchers, including Asadi et al. [32] and Pachano and Bandera [36],
implemented optimization-based and multi-step calibration procedures using genetic

algorithms and staged approaches to meet ASHRAE Guideline 14 and IPMVP criteria.

Despite these advances, significant challenges remain in achieving consistently reliable
calibration outcomes. Yang and Becerik-Gerber [42] highlighted that the large number of
independent and interdependent parameters, coupled with dynamic interactions among
building subsystems, introduces uncertainties that are difficult to resolve empirically.
Herbinger et al. [38] further noted that neural network—based calibration, while powerful, may
produce physically implausible parameter values when the model structure or available data is
insufficiently robust. These issues raise concerns about the physical interpretability of
calibrated parameters and the adequacy of relying solely on statistical metrics such as

CV(RMSE) to assess model quality.

Moreover, while existing calibration methods can substantially improve model accuracy, they
often do so by adjusting key physical parameters, such as material properties, internal gains, or
HVAC setpoints. Although statistically effective, such changes risk altering the core behavior
and assumptions of the building energy model, undermining its consistency, traceability, and
generalizability across retrofit scenarios. This limitation is particularly problematic in
optimization contexts, where preserving the model's original abstraction is essential to ensure

interpretable and actionable retrofit recommendations. Despite growing interest in model
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calibration, little attention has been paid to approaches that improve the predictive accuracy of

simplified models during optimization without modifying their inherent structure.

1.4.2 Optimization Process Enhancement

While simplifying building models can significantly reduce computational costs, additional
strategies are needed to further enhance SBMO's efficiency. One effective approach is multi-
level optimization, which breaks down complex optimization problems into smaller, more
manageable subproblems [43,44]. This method involves optimizing building elements in a
series of level-dependent stages. The optimal solutions identified in the initial stage serve as
design options for more detailed exploration in subsequent phases, ensuring a systematic and

efficient optimization process.

Bichiou et al. [43] developed a simulation environment to optimize building envelope features
and HVAC systems in residential buildings across five U.S. cities. They evaluated four
optimization approaches: HVAC optimization only, envelope optimization only, optimization
of all elements, and multi-stage optimization, which first optimized building geometry and
envelope variables before selecting HVAC systems. The multi-stage approach proved more
efficient, reducing CPU time by 33% to 95% while minimizing life-cycle costs. While full
optimization provided slightly more accurate results, it required more computational resources.
Ascione et al. [44] introduced the Harlequin framework, a novel multi-stage approach for the
multi-objective optimization of building energy design. It comprises three phases: the first
employs a genetic algorithm for Pareto optimization of building geometry, envelope, and
conditioning setpoints; the second uses smart exhaustive sampling to identify optimal energy
systems; and the third provides stakeholders with categorized design solutions based on
sustainability, cost, and investment efficiency. The multi-stage design optimization process was
found to yield better performance than the benchmark design. In a separate study, Ascione et

al. [45] developed a two-stage optimization approach utilizing genetic algorithms to enhance
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building energy conservation. The first stage identifies effective Energy Conservation
Measures (ECMs) to minimize heating and cooling demand. The second stage integrates these
ECMs with supplementary strategies to boost system efficiency and incorporate renewable
energy sources. The study employs smart exhaustive sampling to assess investment costs,
primary energy consumption, and global costs. This innovative methodology significantly
reduces computational time, requiring only about 76.1 hours to evaluate 596,700 design
packages, in stark contrast to traditional simulation methods, which are often much more time-

consuming.

Despite the benefits of multi-stage optimization, this method may undermine the integrity of
the overall process by dividing decision variables and the search space across different
optimization stages. Waibel et al. [46] presented a co-simulation framework for optimizing
building geometries and multi-energy systems, emphasizing the need for simultaneous design
to enhance energy efficiency. The bi-objective optimization, applied to four office buildings in
Zurich, aimed to minimize operational costs and carbon emissions while integrating building
design with energy systems early in the planning process. By comparing the nested
optimization procedure with a traditional consecutive approach (Figure 1-3), the study
demonstrated that simultaneous evaluation of building energy demands, solar potentials, and
optimal energy system design is crucial, as these factors are interdependent. Findings indicated
that a nested formulation significantly impacts construction decision-making, leading to
different design choices that affect energy demands, renewable energy potential, and optimal
building characteristics aligned with environmental targets. Ferrara et al. [47] introduce a
methodology for simultaneously optimizing energy demand and supply to design nearly zero-
energy single-family homes in Northern Italy. By comparing a single-stage optimization
approach with a multi-stage method, the study showed that simultaneous consideration of

energy demand and supply leads to a broader set of optimal solutions. Compared to the multi-
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stage approach, the single-stage method resulted in a slight decrease in total primary energy
consumption (from 95.47 kWh/m? to 90.83 kWh/m?) and a reduction in global costs (from
€915.59/m? to €906.47/m?), demonstrating its effectiveness in delivering more optimal results.
The one-stage approach enabled designers to explore the design space more effectively,
account for interdependencies among building elements, and achieve higher-performing
solutions. A further limitation of multi-stage optimization is that fixing the design variables in
the first stage may limit the ability to find optimal solutions in the second stage. Gagnon et al.
[48] compared the performance of multi-stage and single-stage building design approaches
using multi-objective optimization. In their case study, the single-stage approach, which
simultaneously optimized 39 design variables related to architecture and HVAC systems, was
more efficient than the sequential approach. The single-stage method found about 59% of
optimal solutions within 100 computational hours, while the sequential approach took 765

hours to find approximately 40.8%.
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Figure 1-3: Consecutively optimizing the building geometry followed by the energy system; (b)
Nested (or coupled) optimization of both the building geometry and energy system [46].
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Another approach to enhance SBMO's efficiency is parallel computing, which distributes tasks
across multiple processors, significantly accelerating the optimization process. Karatas et al.
[49] presented an expandable, scalable parallel computing framework to optimize the
environmental and economic performance of housing units. The framework integrates a multi-
objective genetic algorithm with EnergyPlus to enable precise energy performance modeling
while minimizing the trade-offs between environmental sustainability and upfront construction
costs. The framework is divided into four main stages: defining metrics and decision variables,
implementing the genetic algorithm, utilizing parallel computing for efficient data processing,
and conducting extensive performance testing (Figure 1-4). The study's results demonstrated
that employing multiple processors significantly reduced computational time, from 12 days to
approximately 1.7 days when eight processors were used. Brea et al. [50] presented a
computational multi-objective optimization method designed to enhance energy efficiency and
thermal comfort in residential buildings, emphasizing the importance of parallel computing
(Figure 1-5). The integrated NSGA-II with EnergyPlus simulation software evaluated various

design parameters, such as roof and wall types, solar orientation, and ventilation strategies.

By utilizing a high-performance computing cluster, the study significantly reduces analysis
time from nearly 12 days to approximately 4.4 hours, showcasing the efficiency of parallel
computing in complex simulations. Tavakolan et al. [51] presented a parallel-structured NSGA-
IT optimization framework (Figure 1-6) tailored to the Iranian building sector, which faces
distinct challenges due to highly subsidized energy prices and a step utility tariff system. By
integrating MATLAB as the optimization engine and EnergyPlus as the dynamic energy
simulator, the study aimed to optimize key performance indicators, including primary energy
consumption, net present value, and discounted payback period. The framework’s parallel
processing structure and result-saving feature significantly reduced computational time from

500 to 200 seconds per generation, enabling efficient exploration of various retrofit solutions.
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Mostafazadeh et al. [52] introduced a simulation-based multi-objective optimization
framework using a modified version of the Non-Dominated Sorting Genetic Algorithm-III
(NSGA-III), named Parallel Non-Dominated Sorting Genetic Algorithm-III (prNSGA-III), to
address building energy retrofitting in the context of climate change and energy price
variations. This framework integrates EnergyPlus for energy simulation with MATLAB for
optimization and uses parallel computing to significantly reduce computational time. The study
applied this framework to a residential building in Tehran, Iran, and investigated various active,
passive, water-conservation, and renewable-energy retrofit measures. The optimization aimed
to maximize environmental performance while minimizing thermal discomfort and life cycle
costs. The findings revealed that implementing the proposed retrofits could result in up to 73%

reduction in carbon emissions and a 46% reduction in thermal discomfort.
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1.4.3 Climate Change and Its Impact on Building Retrofits

While recent optimization techniques have substantially lowered energy use and computation
time, an equally important consideration is the increasing influence of climate change on
building performance [53,54]. While traditional retrofitting strategies primarily focus on
optimizing energy use and minimizing costs, the increasing unpredictability of weather patterns
and rising global temperatures introduce new challenges that demand a more dynamic approach
to building energy systems. Climate change affects thermal loads in buildings and necessitates

retrofitting measures to adapt to more extreme weather conditions, higher energy demands, and
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the need for resilience [55,56]. Consequently, optimization frameworks, which have been
centered on energy efficiency and cost-effectiveness, must now integrate climate-responsive
solutions that account for the present and future climatic shifts. Addressing these challenges
will require advanced simulation tools and innovative retrofitting strategies to ensure long-term

sustainability and occupant comfort.

Streicher et al. [57] investigated various deep energy retrofit pathways for the Swiss residential
building stock by combining dynamic stock modeling, bottom-up energy modeling, and
optimization for different climate scenarios. Their study found that while replacing older
buildings with more energy-efficient ones will result in some reductions in energy demand and
greenhouse gas emissions, these reductions will likely fall short of the Swiss target of a 60%
decrease in energy demand by 2050. The research demonstrated that partial retrofitting and
cost-minimized pathways would not be sufficient to meet long-term climate goals. Instead,
Streicher et al. found that early and comprehensive retrofitting offers the greatest energy
savings and greenhouse gas reduction potential, but requires a higher upfront investment. Shen
et al. [58] investigated the feasibility and importance of incorporating climate change impacts
in building retrofit analysis. Their research introduced a framework for assessing different
ECMs for existing buildings under future climate conditions. By developing a Python-based
tool that integrates EnergyPlus simulations with a parametric study, the authors applied LHS
and a Joint Mutual Information Maximization (JMIM) feature selection method to identify the
most impactful ECMs regarding NPV and energy use. Their findings demonstrated that global
climate change would alter the optimal selection of ECM combinations over time, with the
effect varying by building type and location. Shen et al. validated their model using future
extreme weather data from Philadelphia and San Francisco, emphasizing that the ranking and
performance of ECMs under future climate conditions differed significantly from those in the

current climate. Berardi et al. [59] studied the impact of future climate scenarios on building
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energy demand, focusing on heating and cooling requirements in Canada. By employing
statistical and dynamical downscaling methods, they projected significant shifts in energy
consumption for 16 ASHRAE prototype buildings in Toronto. Their simulations showed a
decrease in heating Energy Use Intensity (EUI) by 18%—-33% and an increase in cooling EUI
between 15%—-126% by 2070, depending on the building typology and baseline climate data.
The study underscored the importance of selecting appropriate baseline climate files and using
high-resolution regional climate models to accurately capture local conditions. The results
indicated that incorporating future weather files in energy simulations is crucial for designing
resilient, energy-efficient buildings that can adapt to the extreme conditions expected from

climate change.

Ascione et al. [16] explored the resilience of cost-optimal energy retrofits of buildings to global
warming by applying a multi-stage, multi-objective optimization approach. The study focused
on identifying robust retrofit solutions for a typical Mediterranean residential building in
Naples, Italy, across various global warming and economic scenarios. The study demonstrated
that the resilience of energy retrofits to climatic and economic changes can be significantly
improved through robust optimization methodologies, ensuring cost-effectiveness and
sustainable building performance over time. Luo et al. [60] developed a life-cycle optimization
strategy to determine optimal retrofit solutions for office buildings, explicitly integrating
climate change impacts into their analysis. By combining a hybrid genetic algorithm with an
artificial neural network, they accurately predicted future energy demand using projected
weather profiles generated by the HadCM3 model. Their approach evaluated the cumulative
performance of various retrofitting measures, revealing significant discrepancies when
contrasting current and future weather conditions. Notably, the study found that relying solely
on current weather data to select optimal retrofitting solutions could lead to underestimates of

lifetime costs, energy use, and carbon emissions by as much as 54.7%. Tomrukcu et al. [61]
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investigated the impacts of climate change on residential buildings in Istanbul and Izmir,
Turkey, focusing on the effectiveness of energy-efficient retrofitting strategies. By creating
future weather scenarios and conducting dynamic simulations under RCP 4.5 and RCP 8.5, the
study revealed significant temperature increases of 4.3 °C in Istanbul and 5 °C in [zmir. These
changes are expected to dramatically affect energy consumption, with Cooling Degree Days
(CDDs) potentially doubling in July, reaching 292 in Izmir and quadrupling to 158 in Istanbul.
The research found that primary heating energy consumption could decrease by 36—41%
without retrofitting, while primary cooling energy consumption could triple in both cities.
Implementing energy-efficient improvements reduced summer temperatures by approximately
5-6 °C in naturally ventilated spaces in Istanbul and 4-5 °C in Izmir, highlighting the need for
tailored retrofit strategies that account for regional climate conditions to enhance building

performance and occupant comfort.

1.5 Knowledge Gaps

1.5.1 Model Simplifications

Despite advances in simplifying building energy models, a significant gap persists in applying
them within optimization processes. While various simplification techniques have been
developed, their integration into simulation-based multi-objective optimization frameworks
remains underexplored. Specifically, little research has focused on identifying which
simplification methods can significantly reduce computational effort without compromising
accuracy. Addressing this gap is essential to improving optimization efficiency, particularly in

large-scale simulations that demand substantial computational resources.

Furthermore, although the impact of climate change on building energy consumption is well
documented, its effect on the accuracy of simplified models remains insufficiently studied.

Rising global temperatures and shifting weather patterns alter external thermal loads, affecting
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energy demand for heating and cooling [62,63]. However, how simplified models respond to
these climatic variations, particularly in the context of energy efficiency assessments and
retrofitting projects, remains unclear. This gap is crucial, as inaccuracies in predicting future
energy performance could lead to suboptimal retrofit decision-making, affecting both cost-
effectiveness and environmental sustainability. Consequently, more research is needed to
evaluate the reliability of simplified models under evolving climate conditions, ensuring that

energy predictions remain accurate and useful for long-term planning.

1.5.2 Calibration of Simplified Models in Optimization

A parallel gap emerges in the calibration of simplified models used within optimization
processes. Although calibration techniques, particularly data-driven and neural network-based
methods, can substantially improve model accuracy, several limitations constrain their
applicability in optimization settings. Prior studies have shown that calibration often involves
adjusting key physical parameters, such as material properties, internal gains, or HVAC
settings, to match measured data. While statistically effective, these adjustments risk altering
the model's fundamental structure and physical meaning, thereby reducing transparency,
interpretability, and consistency across retrofit scenarios. This is especially problematic in
optimization workflows, where preserving the original modeling abstraction is essential for

ensuring that recommended retrofit measures remain credible and actionable.

Despite growing attention to calibration techniques, limited research has explored methods to
enhance the predictive accuracy of simplified models without altering their underlying physics,
geometry, or assumptions, particularly in computationally intensive optimization. This gap
motivated the development of the parallel neural network-based adjustment framework
presented in the accompanying research: a strategy that improves prediction accuracy

externally, preserves the model’s structural integrity, and maintains computational efficiency.
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However, broader evaluation of such external-adjustment approaches within multi-objective

optimization remains scarce.
1.6 Study Plan

This study aims to address research gaps in building energy optimization by assessing the
accuracy, time efficiency, and practical applications of simplified models in the optimization
process, leveraging advanced computational methods. The study integrates parallel computing
and machine learning to further enhance efficiency and predictive accuracy. The three key

phases of this research are summarized below, each answering specific research questions.
1. Phase 1: Simplified Building Energy Models (chapter 3)

The first phase assesses how simplified models, developed based on common building energy
modeling simplifications, perform in terms of accuracy and computational efficiency within an
optimization framework. This phase also investigates how parallel computing can further

improve optimization efficiency.

In addition to simulation-based investigations, this research incorporates an expert-informed
perspective through a structured survey of professional building energy modelers. The survey
was designed to identify commonly used simplification practices in industry and research,
ensuring that the evaluated model abstractions reflect real-world modeling approaches rather

than purely theoretical simplifications.
Research Questions:

1. How does model simplification affect its prediction accuracy, and which simplification
strategies effectively reduce the computational demands of multi-objective optimization
while maintaining acceptable accuracy?

2. Which commonly used simplification methods may hinder the selection of optimal energy

efficiency measures?
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3. How can parallel computing enhance efficiency by reducing computational time in the
optimization process?
4. What are the standard practices and benefits of using simplified models in building energy

modeling?

II.  Phase 2: Climate Change and Energy Performance of Simplified Models (chapter 4)

The second phase investigates the impact of climate change on the performance of simplified
energy models. This phase evaluates various weather scenarios and their effects on energy

consumption predictions during energy efficiency assessments and retrofitting projects.

Research Questions:

1. How do variations in climatic data, such as TMY data, extreme weather years, and
future climate projections, affect the predictive accuracy of simplified building energy
models?

2. Do the error trends between simplified and detailed models remain consistent across
different types of weather files?

3. Do simplified models retain similar error patterns compared to detailed models after
optimization using future climate scenarios?

4. Which simplification methods (e.g., thermal zone abstraction, HVAC system
simplification, material property reduction) are most affected in terms of accuracy

under extreme climate change conditions?

IIl.  Phase 3: Improving the Accuracy of Simplified Models in the Optimization Process

(chapter 5)

In this phase, the focus shifts to enhancing the predictive accuracy of simplified models during

optimization. The study evaluates how different simplifications affect accuracy and the
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identification of optimal energy-efficiency measures for retrofitting, and proposes methods to

enhance the accuracy of simplified building energy models.
Research Questions:

1. To what extent can artificial neural networks correct simplification-induced errors in
hourly and aggregated energy predictions of simplified building energy models?

2. How does integrating ANN-adjusted simplified models into multi-objective
optimization affect the accuracy and structure of Pareto-optimal solutions?

3. Which simplification types and building characteristics benefit most from ANN-based

external correction?
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Chapter 2: General Methodology

This research seeks to enhance the efficiency of building energy optimization by simplifying
the physical model, improving the optimization workflow, and advancing the optimization
algorithm. Because several components of the overall framework are shared across the
published papers on model simplification and the optimization process, presenting the entire
methodology separately in each chapter would lead to unnecessary repetition. To maintain
clarity and avoid duplication, all common methodological elements are described in full detail
in this chapter. The variations specific to each phase of the research, along with the

corresponding results and discussions, are provided in Chapters 3 through 5.
2.1Case Studies Overview

2.1.1 Case Study 1. Commercial Building in Markham, Ontario, Canada

The first case study building is a single-story office building in Markham, Ontario, Canada.
This building was selected because, first, it is characterized by a common building layout,
construction, and HVAC system typical of Canadian office buildings. As illustrated in Figure
2-1, the buildings in the selected area share a similar architectural style. Given their widespread
presence, single-story mixed-use office buildings serve as important archetypes for energy
modeling and retrofit strategies [64]. Notably, in 2020, office buildings accounted for 33.3%
of total energy consumption and 32.5% of greenhouse gas emissions in Canada's commercial

and institutional sectors, highlighting their significant role in overall energy performance [65].

Furthermore, its mixed-use, composed of office space and warehouse, introduces unique
simplification challenges that require careful examination. The office space occupies 36% of
the total building area, with a plenum space above it. A detailed building model for the case
study was developed in SketchUp, with EnergyPlus as the simulation engine to assess the
building's energy performance. In the detailed model, the warehouse area is divided into five
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Figure 2-1: First case study building, commercial building.

thermal zones to account for variations in orientation and accommodate the distinct operation
of independent HVAC systems. As shown in Figure 2-1, virtual airwalls rather than physical
walls were introduced in the warehouse to enhance modeling precision. The office area is
further segmented into 14 zones, including a plenum zone at the top of the office, resulting in
a detailed model with 19 thermal zones in total. The office walls comprise gypsum board,
fiberglass insulation, concrete, and brick veneer, yielding a U-value of 1.2-1.4 W/m?K. The
warehouse walls lack insulation and have a total thickness of 30 cm with a U-value of 2.8
W/m?K. This poor thermal performance across the envelope, including windows, roofs, and

floors, suggests significant potential for energy savings through retrofitting.

The building is conditioned by two rooftop air handling units (AHUs). One serves the office
area, providing heating (37,000 W) and cooling (21,000 W) via natural gas and electricity. The
second AHU provides cooling (53,000 W) for the warehouse, supplemented by two 65,000 W
industrial heaters for space heating in core and perimeter zones. Energy consumption is divided
between grid electricity, used for lighting, cooling, and appliances, and natural gas, used for
domestic hot water and heating. Occupied by 15 people on weekdays (10:00-18:00), the

building maintains seasonal setpoints of 22°C in winter and 24°C in summer.
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Since the building was constructed in 1985, it predates Canada's first national energy code
(1997) [66] and thus features a poorly insulated envelope, contributing to high energy
consumption. Accordingly, an energy model of the building was developed using SketchUp
[67] and simulated in EnergyPlus [68]. The model was validated against 2020 natural gas
consumption and assessed using the normalized mean bias error (NMBE) and the coefficient
of variation of the root mean square error (CV(RMSE)), as per ASHRAE Guideline 14 [71].

These metrics were calculated using Equations 2-1 and 2-2:

NMBE = K27

LsNw-7y2
CV(RMSE) = ~——=——x 100

x 100 Equation 2-1

Equation 2-2

where N denotes the number of data points, V; represents the measured value, V; is the model
prediction, and V is the mean of the observed values. ASHRAE Guideline 14 [69] recommends
thresholds of £5% for NMBE and 15% for CV(RMSE) when monthly data are used. In this
case, the NMBE for natural gas and electricity consumption predicted by the detailed model
were 4.6% and -4.3%, respectively, while the CVRMSE values were 12.6% for natural gas and

9.7% for electricity, indicating satisfactory accuracy in predicting energy consumption patterns.

2.1.2 Case Study 2: Residential Dormitory Building in Ottawa, Ontario, Canada

The second case study building is a five-story residential dormitory located in Ottawa, Canada,
constructed in 1965 (Figure 2-2). The building shares key characteristics with mid-rise
residential apartment buildings across Canada. In addition to construction technology, it is
comparable in terms of building height, window-to-wall ratio, insulation levels, and typical
envelope and mechanical system configurations, particularly for buildings constructed in the
same period. These similarities support considering the case study as representative of

apartment buildings from that era. Furthermore, according to [70], approximately 2.5 million
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Figure 2-2. Second case study building, dormitory building (divided into two main sections (RB
and MB)).

residential buildings constructed in Canada between 1960 and 1977 were still standing in 2022,
with apartments accounting for 33% of the residential building stock that year. These statistics
further support the representativeness of the case study building for a significant portion of the

Canadian residential building stock.

The building comprises a primary residential section (residential building, RB) and a smaller,
mixed-use component (mixed-use building, MB). The building model is separated into two
distinct parts because of their distinct functions; the occupancy schedules in the mixed-use
building differ significantly from those in the residential building. The mixed-use zones follow
daytime operational patterns typical of office and event spaces, contrasting with the more
constant occupancy patterns in the dormitory zones. With a total floor area of 3,850 m?, the
facility contains 183 zones, 163 of which are conditioned. The residential building primarily
accommodates dormitory-style living spaces, including bedrooms, laundry rooms, and
washrooms. The mixed-use building features public and service areas, such as conference halls

and offices.
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The building is equipped with a radiant heating system for space heating during colder months
but lacks a dedicated cooling system, as it remains unoccupied in summer. The two main zones
in the mixed-use building (conference rooms and the main hall) are served by both the radiant
system and an additional air handling unit (AHU), offering greater flexibility for spaces with
variable occupancy. The input parameters for the detailed model were obtained from multiple
sources, including building walkthroughs, on-site surveys, sensor and meter readings, and data
from the centralized HVAC management system (for example, heating setpoints of 22 °C). For
parameters where direct measurements were unavailable, such as occupant, lighting, and
equipment schedules, standard profiles from NECB 2020 [71] were adopted. All simulations
were conducted using the default EnergyPlus timestep of six per hour. Constructed before the
introduction of Canada's first national energy code (1997) [66], the envelope is poorly
insulated and not air-tight, resulting in high heat loss and elevated heating demand. These

inefficiencies present a strong opportunity for retrofit.

The model yields a CV(RMSE) of 11.4% and an NMBE of -0.12% for the monthly natural gas
consumption of 2018 during occupied months, both of which fall within the recommended
limits. These results support the model's reliability and its applicability for further performance
analysis. In addition, the annual natural gas consumption predicted by the detailed model was

63,332 m?, compared to the measured utility value of 62,812 m?.

2.1.3 Case Study 3: Single Family Detached House in Ottawa, Ontario, Canada

The third case study building is a single-family detached house located in Ottawa, Canada,
originally constructed in 1910 (Figure 2-3). The building is occupied by university students
and reflects the characteristics of early twentieth-century residential construction common
across Ontario. The dwelling exhibits features that are consistent with older low-rise detached

homes across Canada. Its structural form, window proportions, insulation quality, and the
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Figure 2-3. Third case study: building a single-family detached house.

nature of its envelope and mechanical systems all correspond to the construction practices
typical of its period. These similarities support considering the case study as representative of
detached single-family houses from that era. Moreover, according to national housing statistics,
approximately 9% of Canada’s residential dwellings that were still standing in 2022 were built
before 1946, a category that includes all homes constructed before 1920 [70]. Many of these
older detached houses remain in active use, particularly in long-established urban
neighborhoods. The selected case study house, therefore, represents a historically common
building type with persistent energy-performance challenges. Its age, construction
characteristics, and current occupancy profile make it a relevant example for evaluating retrofit

strategies in older low-rise Canadian housing.

The house includes six bedrooms and a single bathroom, with additional finished space in the
basement. The total conditioned floor area is approximately 320 m?, represented in the model
using 17 thermal zones to capture the distinct occupancy patterns and envelope conditions. The
dwelling functions as a student residence and follows residential-style schedules throughout
the occupied months. Space heating is provided through a forced-air furnace, while no active

cooling system is installed. Summer cooling is not required because the building is typically
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vacant during the warm months. Model validation results show CV(RMSE) values of 9.2% for
monthly natural gas and 10.7% for monthly electricity, with corresponding NMBE values of
1.1% and 2.8% for the 2022 monthly data. All metrics fall within recommended performance

thresholds by ASHRAE Guideline 14 [69].

2.2 Model Simplifications

This research investigates four simplification methods commonly used in building energy
modeling to reduce computational burden while maintaining acceptable levels of predictive
accuracy. These approaches include thermal zone abstraction, HVAC system simplification,
material property simplification, and geometry simplification. Each method reflects practices
widely used by researchers and industry professionals. Thermal zone abstraction is commonly
employed in academic research and architectural design firms to simplify multi-zone
simulations while maintaining reasonable accuracy [14,15,22,23,72,73]. HVAC system
simplification is frequently used by mechanical engineers and energy modelers in early-stage
design assessments to approximate thermal loads without the complexity of detailed system
dynamics [29]. Material property simplification is widely applied in both research and industry,
particularly in large-scale energy simulations where precise material characterization may be
impractical due to data limitations or time constraints [30]. Geometry simplification aims to
streamline the building model by reducing geometric details that have a limited impact on
energy performance. These simplification techniques are applied differently across the three
case study buildings, depending on each building’s purpose within the research and the phase-
specific objectives. The following sections describe each simplification method in general

terms.
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2.2.1 Thermal Zoning

Thermal zoning defines how a building is partitioned into spaces with distinct thermal
conditions, occupancy patterns, internal gains, and HVAC controls. Detailed building energy
models typically follow ASHRAE guidelines, which recommend one thermal zone per distinct
space [20]. However, excessively detailed zoning can increase computational complexity
without necessarily enhancing accuracy. On the other hand, insufficient zoning can result in
inaccurate energy consumption predictions as it may neglect localized heat gains, airflows, and
occupancy variations, leading to underestimated or overestimated energy use
[14,15,22,23,72,73]. Thus, the decision on the number of thermal zones in a BEM should
consider the trade-off between accuracy and computational speed based on the simulation's

objectives.

In this research, thermal zoning simplification is implemented as a sequence of scenarios that
span from detailed multi-zone configurations to increasingly aggregated models, up to a single-
zone representation. Intermediate scenarios merge spaces that share similar functions,
schedules, or thermal characteristics, while the most abstract scenarios treat the entire building,
or large building sections, as a single thermal zone. This tiered strategy enables quantification
of how progressive reductions in spatial resolution affect both computational effort and model
accuracy. The specific zoning simplification scenarios used for each case study are described

in the following subsections.

2.2.1.1 Thermal Zoning for Case Study 1. Commercial Building

The commercial building includes a detailed model with nineteen thermal zones, comprising
fourteen in the office area and five in the warehouse. This representation captures variations in
occupancy, HVAC operation, and envelope exposure. To evaluate the effect of spatial
aggregation, three levels of zoning simplification were applied relative to the detailed model.

As illustrated in Figure 2-4, the base scenario (Ajp) maintained the maximum zoning
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granularity, modeling each space as an independent thermal zone to ensure the highest level of
spatial resolution. Scenario A1 introduced the first level of simplification by consolidating
zones with similar thermal characteristics and functions into a three-zone model, categorizing
the building into warehouse, office, and plenum space. This approach reflects common industry
practices, grouping spaces with similar occupancy, heat gains, and ventilation needs to reduce
computational demand while preserving localized thermal behavior. In Scenario A1z, further
simplification was applied by merging the plenum space with the office area, creating a two-
zone model, one representing the combined office-plenum space and the other for the
warehouse. This method reflects real-world modeling assumptions commonly made in early
design phases, in which plenums are assumed to be thermally coupled to adjacent zones due to
their air exchange and similar temperature profiles. Finally, Scenario A3 simplified the entire
building into a single thermal zone, assuming uniform temperature distribution across all
spaces. While this approach significantly enhances computational efficiency, it introduces the
greatest potential for discrepancies in energy predictions, as it neglects internal temperature
gradients, varying heat loads, and airflow between functional areas. Despite its limitations,
single-zone models are frequently used in early-stage energy simulations and large-scale
parametric studies, where speed and ease of comparison outweigh fine-grained accuracy. This
tiered simplification framework enables a systematic evaluation of how thermal zoning
decisions affect energy predictions, balancing simulation accuracy, computational efficiency,

and practical modeling considerations.

The schedule for the merged zones is determined using a weighted average of the individual
zone schedules. For example, the warehouse area has 11 occupants, while the office area has
16, with shared spaces such as the kitchen and washrooms contributing only a small fraction
to overall occupancy and time distribution. When consolidating all zones into a single-zone

model, the total number of occupants remains consistent with the detailed model at 27.
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However, the schedules are averaged and applied to the single-zone model, while the minor
influence of shared spaces is not explicitly accounted for. The only parameter that is not
weighted-averaged is the material definition of exterior surfaces. To ensure consistency when
comparing envelope retrofit scenarios, all exterior surfaces are defined identically across
models. For instance, in the single-zone model, the total area of exterior walls remains the same
as in the detailed model. Consequently, after merging zones into a single-zone model, the
characteristics of the exterior walls in the warehouse and office areas are preserved without

averaging, maintaining their exact properties as defined in the detailed model.

2.2.1.2 Thermal Zoning for Case Study 2: Residential Dormitory Building

The dormitory building comprises two distinct sections: a residential block and a mixed-use
block. The detailed model contains 183 zones, of which 163 are conditioned, to represent the
large number of individual rooms, service spaces, and public areas. Given the size and
complexity of the building, zoning simplification was applied by merging rooms based on
function, occupancy schedules, and envelope exposure. Scenario A evaluates the impact of
zone simplification on simulation accuracy and computational performance using four levels
of thermal zone aggregation (A1 to A24), as shown in Figure 2-5. Among the zone-simplified
models, the most detailed is the thirty-five-zone configuration (A1), which divides each floor
into five zones, one core, and four perimeter zones, preserving a high degree of spatial
granularity. The seven-zone model (A22) assigns one zone per floor: five for RB and two for
MB. The two-zone model (A23) aggregates each building into a single zone, while the one-zone
model (A24) represents the entire facility as a single thermal zone, reflecting the highest level
of simplification. To isolate the impact of zoning abstraction, all models share identical internal

loads, occupancy density, equipment schedules, and infiltration rates.

36



2.2.1.3 Thermal Zoning for Case Study 3: Single Family Detached House

The single-family detached house is represented by a detailed model with 17 thermal zones to
capture variations in occupancy, envelope exposure, and construction characteristics across the
dwelling. Because the house is relatively small and exhibits limited functional diversity
compared to the other case study buildings, zoning simplification was carried out by directly
merging all individual spaces into a single thermal zone (A31), shown in Figure 2-6. This level
of aggregation is common in residential energy modeling, where houses of similar size and
layout are often represented using a one-zone configuration, especially when the objective is
to reduce computational effort in optimization-driven studies. The simplified one-zone model
maintains the same envelope properties and overall occupancy patterns as the detailed model,
allowing meaningful comparisons of heating energy predictions while enabling faster

simulation during the optimization process.

2.2.2 HVAC System

Modeling complex HVAC configurations in EnergyPlus can be challenging, mainly when
multiple systems, such as fan-coil units combined with electric heaters, serve the same thermal
zone. In such cases, EnergyPlus's pre-defined HVAC templates may not suffice, requiring
manual creation and interconnection of each component using the node system. While this
approach provides greater flexibility for representing complex HVAC configurations, it also
demands a deeper understanding of the components and their interactions, thereby significantly

increasing modeling effort [29].

The ideal loads air system is a common simplification approach to streamline HVAC modeling.
Instead of defining individual physical components such as chillers, boilers, fans, ducts, and
pumps, this system assumes an idealized, infinitely responsive unit that supplies the exact
amount of heating or cooling needed to maintain setpoint and setback temperatures. This

approach is particularly useful in early design phases, where detailed HVAC specifications are
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often unavailable, and in parametric studies, where multiple design scenarios must be evaluated
quickly. However, while the ideal loads air system enhances computational efficiency, it
introduces accuracy limitations by neglecting real-world inefficiencies, part-load performance,
and energy losses. As a result, this simplification can lead to overly optimistic energy
consumption predictions, as it does not account for equipment inefficiencies, fan power
consumption, or distribution losses. Despite these drawbacks, it remains a widely used
approximation in conceptual design, benchmarking studies, and early-stage energy modeling,
where its benefits in reducing modeling complexity and simulation time outweigh the loss of
HVAC system fidelity. HVAC simplifications are applied to the detailed model while
preserving all other aspects, including thermal zoning, internal gains, and schedules. The only
modification is replacing the detailed HVAC system with an ideal loads air system. This
substitution maintains the same setpoints and setbacks for each zone, ensuring that the impact

of HVAC simplification is isolated from other building parameters.

In this research, HVAC simplification is applied by replacing the detailed systems with an ideal
load air system while keeping all other inputs consistent, including zoning configuration,
setpoints, internal gains, and schedules. This approach isolates the effect of system-level
simplification and allows direct comparison between detailed and simplified models. The
application of this simplification corresponds to scenarios B11, B21, and Bs31, which represent

HVAC abstraction for Case Study 1, Case Study 2, and Case Study 3, respectively.

2.2.3 Material Definition

In building energy modeling, envelope elements such as walls, roofs, and floors are represented
by defining the specific properties of each material layer within a construction assembly. Key
parameters include thickness, thermal conductivity, specific heat capacity, and density, all of

which contribute to the assembly's thermal resistance (R-value) and thermal mass. Thermal
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mass plays a crucial role in temperature regulation and energy performance, as it influences a

building's ability to store and release heat over time [74].

In this research, scenario C applies material property simplification by replacing multi-layered
constructions with single-layer equivalents that preserve the original assembly's total R-value.
This method reduces the number of material definitions and eliminates the need to specify
properties for each layer. By retaining only the overall thermal resistance, the approach
simplifies the model and improves computational efficiency. However, this process also
removes thermal mass effects because the simplified construction lacks specific heat capacity
and density. As a result, the model may not accurately represent dynamic thermal behavior,
including temperature lag, thermal storage, and responsiveness to short-term weather
fluctuations. These limitations can affect peak load predictions and may be more pronounced

in buildings with heavy construction.

Material simplification is implemented while maintaining all other aspects of the model,
including zoning, HVAC definitions, internal gains, and setpoints. Only the envelope material
definitions are altered. This ensures that any observed changes in energy performance can be
attributed directly to the reduction in material detail rather than to interactions with other
modeling inputs. This approach corresponds to scenarios Cii, C21, and Cs1, which apply

material simplification to Case Study 1, Case Study 2, and Case Study 3, respectively.

2.2.4 Geometry

Geometry directly influences building energy performance by affecting exposure to solar gains,
shading patterns, surface-to-volume ratios, and thermal interactions across envelope elements.
In detailed energy models, accurate geometry requires defining all vertices, surfaces, window
placements, and fagade irregularities. While this level of detail improves the representation of

the building’s physical form, it also increases modeling effort, complexity, and simulation time.
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In this research, geometry simplification is implemented only for Case Study 1, which has a
more complex mix of office and warehouse volumes (Figure 2-4). The other two case study
buildings, the dormitory and the detached house, have simple rectangular forms with no curved
or irregular facade elements, so geometry simplification would offer little computational
advantage and is therefore not applied to them. As a result, only two geometric simplification

scenarios are used, designated as D11 and D1».

In Scenario Dii, curved and angular facade segments are replaced with straight-line
approximations, reducing the number of surfaces and vertices in the EnergyPlus model. This
process simplifies geometric input while removing self-shading effects along irregular fagade
edges. To further streamline the model, windows are not placed individually. Instead, a
Window-to-Wall Ratio is assigned uniformly across each fagade, preserving the total

fenestration proportion without modeling the exact window locations.

In Scenario D12, a more aggressive form of geometry simplification is introduced using a
shoebox modeling approach. The building is represented as a simple rectangular volume with
the same total floor area as the original design. This method is widely used in early design
analysis and large-scale parametric studies because it greatly reduces modeling time and
simulation costs while maintaining a basic representation of thermal behavior. However, the
shoebox form removes architectural features, shading conditions, and airflow patterns that
influence localized energy performance. As a result, Scenario Di> provides significant
computational efficiency but at the expense of reduced accuracy in representing detailed

geometric interactions.
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Figure 2-4: Detailed and simplified models' geometry and zoning. Scenario Ao: detailed, scenario
A1 three-zone, scenario Ajz: two-zone, scenario Ajs: one-zone, scenario Dyi: simple geometry,

scenario Di: shoebox models.
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Figure 2-5: Detailed and simplified models' zoning. Scenario A: detailed, scenario Aai: thirty-

five-zone (five zones per floor), scenario Ax: seven-zone (one zone per floor), scenario Ass: two-

zone, scenario Aj4: one-zone.

Figure 2-6: Detailed and simplified models' zoning. Scenario A3o: detailed, scenario Asz;: one-

zone.



Chapter 3: Enhancing Building Energy Optimization Efficiency: A

Performance Analysis of Simplification Approaches

This chapter has been published as:

e Article 2: Y. Dadras, F. Mostafazadeh, M. Kavgic, M. Ghobadi, Enhancing building
energy optimization efficiency: A performance analysis of simplification approaches,
Journal of Building Engineering 105 (2025).
https://doi.org/10.1016/j.jobe.2025.112559.

e Conference paper 1: Y. Dadras, M. Kavgic, The applicability of simplified whole-
building energy model for energy-efficiency retrofit analysis, (2022). (eSim Conference
in Ottawa, Ontario, Canada).

e Conference paper 2: Y. Dadras, M. Kavgic, O. Alaei, Investigation of the thermal
transmittances calculated using new infrared technology developed by QEA Tech,

(2022). (CCBST Conference in Vaughan, Ontario, Canada).
3.1 Introduction

Building on the broader introduction and literature review provided in Chapter 1, this chapter
focuses on evaluating how commonly used simplification techniques affect the accuracy and
computational efficiency of simulation-based multi-objective optimization. The study
investigates thermal zone abstraction, HVAC system simplification, material property
approximation, and geometric simplification using a mixed-use commercial building (Case
Study 1) as the case study. It also examines how parallel computing and result-saving strategies
can further reduce computational time within an NSGA-II optimization framework. By
analyzing the trade-offs among model complexity, simulation speed, and prediction accuracy,

this chapter provides a detailed assessment of the strengths and limitations of simplified models
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for energy-efticiency retrofit optimization. The subsequent sections describe the modeling and

optimization procedures and the results obtained from each simplification scenario.
3.2 Methodology

This research used a parallel computing SBMO framework to compare the time efficiency and
accuracy of simplified models with a detailed model during optimization. The SBMO
framework followed a methodology similar to [17,52] across its overall phases but is unique
in its simultaneous simulation of simplified and detailed models, enabling an assessment of the
simplified models' accuracy. Furthermore, all software tools used in this research are well-
established and widely used in academic research. Thus, MATLAB [75] handled data
processing, optimization, and input/output management, while EnergyPlus [68] was used for

energy simulation.

Figure 3-1 illustrates the four phases of the proposed methodology framework. In Phase 1, an
initial building model was developed based on audit data, and energy simulations were
performed to evaluate the baseline case (Chapter 2, section 2.1.1). In Phase 2, the detailed
model was simplified using four approaches: thermal zone, HVAC system, material properties,
and geometric simplifications. These simplified models were calibrated against energy
consumption data to ensure accuracy (Chapter 2, section 2.2). Phase 3 defined the
environmental and economic objectives, specifically minimizing Primary Energy
Consumption (PEC) and Net Present Value (NPV), and introduced decision variables into the
baseline model to create a parametric model. In Phase 4, the NSGA-II algorithm was employed
in a multi-objective optimization process to identify Energy Conservation Measures (ECMs)
that balanced these competing objectives. The algorithm iteratively refined ECM

combinations, yielding a set of Pareto-optimal solutions. A two-stage approach was also
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implemented to compare the accuracy and computational efficiency of optimization results

derived from simplified versus detailed models.

3.2.1 Simplified Model Calibration

The detailed commercial building model was simplified using four approaches introduced in
Chapter 2: thermal zone aggregation (Aio-A13), HVAC abstraction (B11), material property
reduction (Ci1), and geometry simplification (D11 and Di2). These scenarios progressively
reduced the spatial, mechanical, material, and geometric complexity of the baseline model
while keeping all other inputs consistent. The calibrated versions of these simplified models
serve as the basis for the accuracy assessment and optimization analysis presented in this

chapter.

Model calibration is a necessary step because building energy simulation depends on numerous
input parameters, including infiltration rates, internal load schedules, HVAC performance,
material properties, and weather data, each of which carries inherent uncertainty. In this study,
simplified building models were calibrated to improve their applicability for optimization
processes aimed at exploring various ECMs. TMY weather file was adjusted using measured
data, including solar radiation, air pressure, relative humidity, wind speed and direction, and
ambient temperature collected from a nearby weather station. This modification ensured that
model calibration reflected the weather conditions experienced during the available year
(2018), providing a more accurate representation of local climate [76]. The actual energy
demand was compared with the modeled monthly energy demand derived from the calibrated
simplified models. Following ASHRAE Guideline 14 [69], the CV(RMSE) and the NMBE

were used to evaluate model calibration accuracy.
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Figure 3-1: Methodology framework (Chapter 3).
3.2.2 Objective Functions
Building energy retrofit projects should address environmental and economic objectives to
promote sustainability [77—-86]. In this research, the environmental objective is to minimize
Primary Energy Consumption (PEC) in line with sustainable energy practices. Simultaneously,

the economic objective is to minimize life cycle costs, ensuring the project's financial viability.
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These dual objectives are essential for balancing sustainability with cost-effectiveness,

enhancing the project's long-term impact and feasibility.

This framework assessed the environmental impact of building energy retrofitting PEC, as
recommended by the Energy Performance of Buildings Directive recast [87]. Hence, PEC is
calculated by converting natural gas and electricity demands into primary energy values,
applying specific primary energy factors [88]. Furthermore, an economically viable energy
retrofit project aims to minimize life cycle costs by investing in ECMs and reducing natural
gas and electricity expenses. Therefore, this study applied the Net Present Value (NPV) method
to perform an economic analysis over an assumed building service life of 50 years. NPV
evaluated the project's total cost by discounting all future cash flows to their present value using
a specified discount rate. This method provides a comprehensive financial overview,
facilitating comparison between projects or investment options based on long-term cost
implications [89-92]. The Life Cycle Cost (LCC) using the NPV method is calculated as

follows:

LCC =1+ q(EC + GC) Equation 3-1

where q is a present value factor, I is the investment cost, and EC and GC are electricity and
gas costs, respectively. Energy price discounts and escalation rates are incorporated to enhance
the precision of LCC assessments. This approach enables more accurate calculation of the
present value of expenses and revenues over the project's lifespan. Specifically, the present

value of electricity and natural gas costs is calculated as:

t
_(1+g
-G ]
q= dr—g
t
1+d,

ifd, # g
ifdr:g

Equation 3-2

where t denotes the lifespan of the building, g represents the annual energy price escalation
rate, and d; is the actual discount rate, which is determined as shown in Equation 5:
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d, -1 Equation 3-3

where e is the inflation rate, and d, is the nominal discount.

3.2.3 Multi-Objective Optimization

This research formulated a simulation-based multi-objective optimization framework to
evaluate the accuracy and computational efficiency of simplified building energy models while
identifying optimal ECMs for building retrofits. The optimization balanced two objectives:
minimizing PEC and NPV, subject to a constraint that ensures the selected retrofit strategy
improves energy efficiency relative to the baseline building (PEC < PECo). A genetic
algorithm, specifically NSGA-II, is employed due to its proven efficacy in building energy
optimization problems, offering a favorable balance between solution reliability and
computational efficiency [17,93]. The NSGA-II algorithm is implemented in MATLAB and
coupled with EnergyPlus for detailed building energy simulations. MATLAB and EnergyPlus
rely on text-based input/output formats, facilitating smooth data exchange. A key feature of
MATLAB used in this study is its parallel computing capability, which addresses the
computational intensity of the optimization by dividing the task into smaller sub-tasks that run
concurrently across multiple processors. This parallelization significantly reduces computation

time by enabling simultaneous processing of various parts of the optimization workflow.

The NSGA-II process begins with an initial population of potential solutions (chromosomes),
each representing different building configurations or retrofit strategies based on the decision
variables (x). The evolutionary process is driven by genetic operators such as crossover and
mutation, with elitism and diversity criteria guiding the selection of superior solutions. Each
solution's performance is evaluated using building energy simulations, where EnergyPlus
calculates each chromosome's objective functions (PEC and NPV). A parametric EnergyPlus

model (see Figure 14) is used as a template to generate specific building configurations based
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on decision variables representing the various retrofit scenarios. A dedicated coupling agent
facilitates the interaction between NSGA-II and EnergyPlus by converting decision variables
into corresponding EnergyPlus input files (.idf) and automating the simulation process. After
each simulation, the results are extracted from the output files (.csv), and the post-processing
agent calculates the objective function values, which are then fed back to NSGA-II to guide
the evolutionary process. NSGA-II iteratively refines the population of building models based
on the simulation feedback, improving the solutions over successive generations. This process
continues until a predefined stopping criterion is met, yielding a Pareto front of optimal

solutions that represent the best trade-offs between minimizing PEC and NPV.

This study executed the optimization process for all models on a computer with an Intel Core
19 processor (2.60 GHz, 24 MB cache). The algorithm was configured with a population size
of 50 individuals and mutation and crossover rates of 0.7 and 0.4, respectively. These
parameters were selected to ensure reliable results within a reasonable computational

timeframe, with a stopping criterion of 50 generations.

3.2.4 Energy Conservation Measures (ECMs)

Potential Energy Conservation Measures (ECMs) were identified and evaluated through an
energy audit, stakeholder consultations, and market research. In this respect, envelope
assessment via thermographic inspection revealed thermal bridges, insufficient thermal
insulation in several wall areas, and air leakage around the inefficient windows. Consequently,
the specific ECMs included the application of various thicknesses and types of thermal
insulation materials, along with the evaluation of several window replacement options, given
their considerable influence on the envelope's thermal energy performance. These measures,
summarized in Table 3-1, were defined as decision variables within the EnergyPlus and

MATLAB simulation environments for multi-objective optimization.
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Table 3-1: Characterization of investigated ECMs.

Decision .
Variables Components Parameter Options
Base model; Stone wool;
* Office and Material Fiberglass; Extruded
Insulation warehouse walls, polystyrene; Mineral wool
floors and roofs
Thickness [in] 0-6[in]
Glass material Clear; Bronze; Reflex
Window Office windows
. Warehouse added Glass thickness [mm] Base; 4;6;10
glazing .
windows .
Gas type Air, argon

3.2.5 Two-Stage Model Comparison in Optimization

A two-stage methodology is employed to examine the trade-off between computational
efficiency and the accuracy of a simplified model in a simulation-based optimization
framework. In the first stage, the optimization process utilizes a simplified building model. A
corresponding detailed simulation is conducted for each configuration generated during the
optimization using the same set of decision variables. The purpose of the detailed simulation
is solely to evaluate the accuracy of the simplified model's predictions. It is not involved in
guiding the optimization process. The accuracy of the simplified model is quantified by
calculating the percentage error between the simplified and detailed models, as expressed in

the following equation:

error = % * 100 Equation 3-4
da

where E; and E represent the annual natural gas or electricity consumption of detailed and

simplified models, respectively.

Since running both the simplified and detailed models in parallel affects the overall
computational time, the second stage of the analysis focuses solely on optimizing with the

simplified model. This approach enabled an independent assessment of the computational time
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when using the simplified model. A separate optimization is also conducted using only the
detailed model for comparison. The Pareto fronts generated from both the simplified and
detailed models are then compared to assess the influence of model fidelity on the optimization
results. Additionally, comparing computational times between the two models highlights the
efficiency gains achieved using the simplified model. This two-stage process provided insights
into the trade-off between accuracy and computational cost, guiding model selection for future

optimizations tailored to project-specific requirements.

3.2.6 Energy Modeling Practices and Preferences Survey

This study employed a structured survey questionnaire to investigate current practices,
preferences, challenges, and opportunities for simplification in building energy modeling
among professionals in academia and industry. The questionnaire was designed to gather
comprehensive data, which is provided in Appendix A. A total of 42 energy modelers
participated in the survey, offering diverse insights into the field. The questionnaire was

organized into three key categories to address the research objectives systematically:

e [Experience: The first category focused on capturing the respondents' professional
backgrounds, including their primary roles in energy modeling, years of experience,
and the software tools they predominantly use. Understanding the diversity of
experience and expertise is essential for contextualizing the findings and identifying
trends in professional roles and software preferences.

e Energy modeling challenges: This section aimed to identify common challenges faced
by energy modelers, particularly regarding time allocation and data collection. It
explored how much time participants spend on various modeling tasks, the importance
they place on accuracy, and the specific stages where data collection is most

challenging.
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e Willingness and benefits of simplification in building energy modeling: The third
category delved into energy modelers' attitudes toward the use of simplified models. It
examined their willingness to adopt models with reduced accuracy for efficiency, the
frequency with which they used such models, and the perceived benefits in terms of

time savings.

3.3 Results and Discussion

3.3.1 Calibrated Simplified Model Predictions

Table 3-2 compares the annual natural gas and electricity energy consumption of the calibrated
simplified models against the predictions of the validated detailed model, simulated using the
Actual Meteorological Year (AMY) weather file. Compared with the measured data, all
calibrated simplified models achieved monthly NMBE and CV(RMSE) values within
ASHRAE's acceptable ranges [69], except for electricity consumption in the model using the

ideal air load system.

Figures 3-2 and 3-3 compare their monthly electricity and natural gas consumption predictions
based on Typical Meteorological Year (TMY) weather files to further evaluate the calibrated
simplified models. The calibrated zone-simplified and simple-geometry models exhibited a
consistent trend in electricity consumption compared with the detailed model. However, they
overestimated electricity consumption during the summer, likely due to increased cooling
demand. For example, in July, the two-zone model overestimated electricity consumption by
4% (5129 kWh compared to 4930 kWh from the validated detailed model), and the simple
geometry model overestimated it by 4.4%. In contrast, the shoebox model consistently
overestimated electricity consumption throughout the year, with overestimations more

pronounced in summer, reaching 18.9% in July.
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In the case study, the HVAC system operated with fans year-round, contributing significantly
to electricity consumption. The ideal air load system did not capture this aspect, resulting in
notable discrepancies between the validated detailed and the ideal loads air system, particularly
during summer. For instance, in July, the ideal air load system predicted only 1872 kWh, 62.0%
lower than the detailed model. Despite these differences, all calibrated simplified models,
including the ideal air load system, showed a consistent trend in natural gas consumption
relative to the validated detailed model. In January, the two-zone model overestimated natural
gas consumption by 7.9%, while the shoebox model overestimated it by 10.2%. Similarly, the

simple geometry model overestimated natural gas consumption by 6.5% in January.

Table 3-2: Annual electricity and natural gas consumption: detailed vs. calibrated simplified models.

Measured Detailed Three-  Two- One- HVAC R- Simple Shoebox
data zone zone zone value geometry
Electricity
[MWh] 94 98 98 96 95 15 97 94 93
Natural
gas 301 287 295 314 305 278 291 309 316
[MWh]
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Figure 3-2: Comparison of electricity consumption: validated detailed model vs. calibrated
simplified models.
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Figure 3-3: Comparison of natural gas consumption: validated detailed model vs. calibrated
simplified models.

3.3.2 Optimization

The optimization process yielded a total computational time of 10.65 hours when parallel
computing was used for the detailed case study model. In contrast, re-executing the
optimization with a single-threaded NSGA-II algorithm required 21.65 hours. This 51%
reduction in computational time demonstrates significant efficiency gains from parallel

computing, particularly for large-scale building performance optimization.

3.3.2.1 Comparative Analysis: Time Efficiency and Accuracy Assessment in Optimization

A corresponding detailed simulation was conducted with the same parameters for each building
configuration generated during the optimization process using the simplified model. The
detailed simulation evaluated only the accuracy of the simplified model's results and was not
part of the optimization process. The optimization was repeated using only the simplified
model to evaluate the processing time. Table 3-3 presents the mean annual natural gas and
electricity errors for the simplified models across all assessed solutions relative to the
corresponding detailed model. Additionally, the table provides a comparative analysis of

computational times between the simplified and detailed models.
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The shoebox, simple geometry, and one-zone models exhibited comparable levels of
underestimation to the detailed, validated model due to their similar parameterizations, with
only minor discrepancies caused by geometry changes in the simple geometry and shoebox
models. Hence, compared to the detailed model, the one-zone model showed mean errors of -
10.70% for natural gas and -21.80% for electricity. Similarly, the simple geometry model
exhibited mean errors of -10.71% for natural gas and -22.95% for electricity. Furthermore, the
shoebox model predicted 11.64% and 21.16% lower natural gas and electricity use than the
detailed model. In contrast, the two-zone and three-zone models performed better by accurately
representing the building's functional zones and HVAC systems. The two-zone model
underestimated natural gas and electricity consumption by 9.90% and 20.90%, respectively.
By incorporating the plenum space, the three-zone model improved accuracy, yielding errors
of -7.20% for natural gas and -14.50% for electricity. The results align with findings from
previous studies [14,15,30,73]. For instance, Alhedad's study on zone simplification reported
an underestimation of energy demand ranging from 10.9% to 35.8% in simplified models
compared to the detailed model [14]. Similarly, Picco et al. observed a 9% underestimation
when zones were merged [30]. However, it is important to recognize that results across
different case studies depend heavily on the characteristics of the buildings analyzed. For
example, simplifications in complex buildings may introduce greater inaccuracies than in
simpler structures. Consequently, direct numerical comparisons between different case studies
may not be meaningful. Despite these variations, a clear trend of underestimation of energy

demand due to zone simplification is evident, reinforcing the findings of the present study.

An analysis of the simplified models indicates that internal walls facing exterior windows are
more sensitive to solar radiation, particularly during the summer when solar gains are higher.
These interior walls absorb the solar heat, store it, and release it into the zone later. This

phenomenon is more pronounced in models with more complex zoning configurations, leading
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to higher cooling energy consumption in the three-zone model than in the two-zone and one-
zone models. Additionally, previous studies [15,73] investigated the underestimation of
heating energy consumption in simplified models. The increased convective heat gain on
internal surfaces in heating seasons leads to a higher convection coefficient, increasing
conduction losses through the building envelope. This dynamic raises the overall heating
demand, contributing to the underestimation observed in the more extensive zone-simplified

models compared to the three-zone model.

The R-value (material simplification) model produced results closest to those of the detailed
model. It showed minimal underestimation of natural gas consumption (0.39%) and a slight
overestimation of electricity consumption (1.41%). The thermal mass of building materials,
which influences the building's ability to absorb, store, and release heat, impacts energy
consumption and cooling demand. Buildings with high thermal mass tend to have reduced
energy demand because thermal mass dampens temperature fluctuations, creating a more stable
indoor environment. This effect is particularly pronounced during cooling periods, as materials
absorb excess heat, reducing the need for active cooling systems. In the R-value model,
omitting thermal mass led to overestimating cooling requirements because the material's

capacity to moderate heat was not accounted for.

Regarding computational time, a clear trade-off emerged between speed and accuracy. The
shoebox model was the fastest (0.39 hours) but the least accurate, while the detailed model
offered the highest precision at the cost of significantly longer processing times (10.65 hours).
HVAC system simplification also had varying impacts on time efficiency, with the extent of
the impact heavily influenced by the system's configuration. The simulation times for the ideal
air-load system and the detailed model were comparable in the case-study building, where the
HVAC system was relatively simple. The primary time savings from the ideal air load system
stemmed from reduced data collection and model development rather than computational
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efficiency. A notable discrepancy was observed in electricity consumption: the ideal air load
system underestimated consumption by 80% because it did not account for year-round fan
operation. However, the ideal air-load system accurately predicted heating energy
consumption, with only 3.28% error compared to the detailed model for natural gas. These
findings align with the study by Al-Janabi et al., which also reported considerable discrepancies
when using an ideal air-load system rather than a detailed HVAC model in EnergyPlus. Their
study found 11.8% and 96.9% errors in total heating and cooling energy consumption,
respectively, further confirming that while the ideal air load system can provide reasonable
heating energy estimates, it significantly miscalculates electricity consumption [29]. Due to
significant errors in electricity consumption associated with the ideal air load system in the
case study building, it is not feasible to compare the retrofit results from the ideal air load
system model with those from the detailed model. Consequently, the following section does

not include the HVAC simplification in the comparative analysis of the optimization results.

Table 3-3: Comparison of mean annual natural gas and electricity errors across 50 Pareto front
solutions between the detailed and simplified models and computational time analysis for both

models.
Model Annual natural gas error  Annual electricity error Computational time
(%) (%) (hours)

Detailed Baseline Baseline 10.65
Three-zone -7.20 -14.50 6.34
Two-zone -9.90 -20.90 6.13
One-zone -10.70 -21.80 5.30
R-value -0.39 +1.41 10.37
Simple geometry -10.71 -22.95 1.16
Shoebox -11.64 -21.16 0.39
Ideal air load system -3.28 -80.00 11.00

3.3.2.2 Comparative Analysis: Optimization Results

This section evaluates the accuracy of simplified models by comparing their objective function
values and ECMs on the Pareto fronts to those from the detailed model, as shown in Figure 3-
4. The detailed model served as a benchmark, yielding NPV values of 831 kCAD to 873 kCAD
and PEC values of 214 MWh to 225 MWh. The differences in energy predictions of detailed
and simplified models drive the discrepancy in their NPV and PE values. Owing to its minimal
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discrepancy in energy prediction compared to the detailed model (See Table 3), the R-value
model solutions closely align with those of the detailed model, exhibiting NPV deviations of
approximately 0.27% to 0.94% and PE consumption deviations of 0.18% to 0.81%. The three-
zone model shows a moderate deviation, underestimating NPV by 7.83%-9.56% and PE
consumption by approximately 10% compared to the detailed model. Significant discrepancies
are observed in the shoebox, simplified geometry, one-zone, and two-zone models, which
underestimate NPV by 11% to 14% and PE consumption by 13% to 16%. The shoebox model
shows substantial divergence, with NPV differences exceeding 12% and PE consumption

variations approximately 15% lower than the detailed model.

The lower PE observed in the simplified zone and geometry models is mainly due to their
inability to fully capture the effects of convective heat gains and conduction losses on internal
surfaces during heating seasons. These models underestimate heat transfer through the building
envelope, leading to lower predicted heating energy demand. Additionally, these models
underestimate the effects of solar heat absorption and delayed release by internal walls facing
exterior windows, leading to discrepancies in heating and cooling energy predictions compared

to more detailed models.
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Figure 3-4: Comparison of Pareto fronts in detailed and simplified models.

The boxplots in Figures 3-5 and 3-6 display the distribution of 50 optimal results from the

Pareto fronts for each model type. NPV and PE exhibit higher median values in the detailed
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model, consistently predicting higher costs and energy consumption than the simplified ones.
The detailed model also shows a wider Interquartile Range (IQR), suggesting it captures more
dynamic interactions and introduces more significant variation in optimal solutions, revealing
a more complex set of strategies. As the model's complexity reduces, median NPV and PE
values tend to decrease. Hence, the shoebox and simplified-geometry models significantly
reduce NPV and PE values, indicating more optimistic cost and energy estimates than the
detailed model. However, outliers, particularly in the simpler models, suggest
underperformance in certain conditions, potentially leading to suboptimal retrofit strategies.
These outliers highlight the risk of relying on overly simplified models, which may overlook
fundamental dynamics captured by the detailed model, resulting in overly optimistic or less

effective outcomes.
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Figure 3-5: Comparison of net present values from Pareto front results for detailed and simplified
models.
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Figure 3-6: Comparison of primary energy consumption values from Pareto front results for
detailed and simplified models.

The statistical analysis in Tables 3-4 and 3-5 compares NPV and PEC of the optimal results on
the Pareto fronts for the detailed and simplified BEMs. For both metrics, the detailed model
exhibits the highest mean values, with an NPV of kCAD 850.91 and a PEC of 217.91 MWh,
indicating higher predicted financial costs and energy consumption for optimal retrofitting
strategies compared to simplified models, such as the shoebox and simple geometry models,
which have the lowest mean values for NPV (kCAD 733.04 and kCAD 740.11, respectively)
and PEC (186,255 MWh and 186,098 MWHh, respectively). The detailed model also shows the
highest Standard Deviation (SD), variance, and Coefficient of Variation (CV) for NPV and
PEC, reflecting a broader range of Pareto-optimal solutions. This wider spread emphasizes the
detailed model's capacity to capture a more diverse set of optimal strategies, offering greater
flexibility in balancing cost and energy efficiency when making retrofitting decisions.
Skewness analysis reveals that most models exhibit near-symmetrical distributions. However,
the shoebox and simple-geometry models exhibit higher positive skewness in NPV. In PEC,
the shoebox and detailed models show positive skewness, reflecting more instances of higher
energy consumption. In contrast, the simple geometry model shows negative skewness,

indicating a tendency toward lower PEC values.
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Table 3-4: Statistical analysis of NPV for the detailed and simplified models based on Pareto front

results.
Detailed Three- Two-zone  One-zone  R-value Simple Shoebox
zone geometry
Mean (average) [KCAD]  850.91 778.00 743.74 741.48 853.62 740.11 733.04
Standard Deviation (SD)
[kCAD] 11.80 7.24 5.68 7.09 9.50 4.88 7.21
Variance [kCAD]? 139.26 52.39 32.24 50.20 90.17 23.83 51.95
Median [kKCAD] 850.54 777.24 743.57 742.00 852.33 739.08 730.91
Coefficient of Variation
(CV) 1.39 0.93 0.76 0.96 1.11 0.66 0.98
Skewness 0.17 -0.03 0.15 0.11 0.57 1.91 1.20
Table 3-5: Statistical analysis of PE for the detailed and simplified models based on Pareto front
results.
Detailed Three-zone  Two-zone One-zone R-value Simple Shoebox
geometry
Mean (average) [MWh] 217.91 196.63 189.81 187.35 218.02 186.10 186.26
Standard Deviation (SD)
[MWh] 3.52 3.01 2.68 2.73 2.70 1.48 3.07
Variance [MWh]? 12.39 9.07 7.16 7.46 7.29 2.20 941
Median [MWh] 216.70 195.45 189.08 186.51 217.35 186.34 185.86
Cocfficient of Variation , o, 1.53 1.41 1.46 1.24 0.80 1.65
(€V)
Skewness 0.92 1.01 0.75 1.21 0.74 -0.66 1.22

Figures 3-7 and 3-8 compare the performance of the simplified models with that of the detailed
model using selected ECMs. The shoebox model partially aligns with the detailed model for
warehouse wall insulation (38% vs. 58% for StoneWool-5.5 in), but significantly diverges from
the detailed model for office wall insulation (0% vs. 40%) and east office windows (10% vs.
100%). The simplified geometry model shows closer agreement, particularly in warehouse wall
insulation (76% vs. 58%), though it differs in floor insulation (76% vs. 34%). The one-zone
model exhibits considerable deviations in insulation and window choices, while the two-zone
model demonstrates moderate alignment, especially in window selection (74% vs. 86% for the

south office window). The three-zone model aligns well with the detailed model, including
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warehouse wall insulation (66% vs. 58%), but differs in office wall insulation. The R-value
model shows the greatest deviations, particularly in warehouse wall insulation and window
selection. It frequently selects double-glazed, advanced Low-E, argon-filled windows for the
south and west office windows in about 60% of its solutions, an option not selected by any
other model. These discrepancies highlight the distinct approach of the R-value model in

optimizing thermal performance.

Table 3-6 compares the cost-effective (lowest NPV) and energy-efficient (lowest PE) scenarios
between the detailed and three-zone models, focusing on selected ECMs. The ECM selections
show broad consistency across both scenarios, indicating strong alignment despite minor
variations in performance metrics. In the cost-effective scenario, the three-zone model reports
an NPV 7.8% lower than the detailed model, while in the energy-efficient scenario, it shows
an NPV 9.6% lower. The three-zone model underestimates PE by 9.9% in the cost-effective
scenario and by 9.5% in the energy-efficient scenario. The ECM selections further support this
alignment, with the only difference in the energy-efficient scenario being warehouse floor
insulation, where the detailed model selects StoneWool-5.5 in, and the three-zone model opts
for Fiberglass-6 in. In the cost-effective scenario, both models mostly agree, except for
warehouse floor insulation, where the detailed model retains the base insulation and the three-
zone model upgrades to Fiberglass-3.5 in. Minor differences also arise in the ECMs for the
office wall and east office window in the cost-effective scenario, reflecting slightly different

optimization priorities.

62



Detailed model

100
W_Wall: Warehouse Wall
= 80 O_Wall: Office Wall
= W_Floor: Warehouse Floor
% 60 O_Floor: Office Floor
H W_Roof: Warehouse Roof
2 40 O_ Roof: Office Roof
& 20 B Baseline K StoneWool-5.5 in
B Fiberglass-6 in B Fiberglass-3.5 in
0
W_Wall O Wall W_FloorO Floor W_Roof O Roof
Three-zone model Two-zone model
100 o 100 - -

g 80 é 80
@ =
§ 60 g 60
[}
(5] an
Py <
§40 % 40
£ 2
220 PR RNy B BN B TR N B
0 e

[

W_Wall O Wall W_FloorO_Floor W_Roof O_Roof

R-value model

100 100
= 80 = 80
2 2]

g 60 2 60
2 3
< 4 ]
g4 £ 40
5 8
L 20 =
. £ 20
0
W_Wall O Wall W_FloorO Floor W_Roof O_Roof 0

W_Wall O Wall W_FloorO_Floor W_Roof O Roof
Simplified geometry model

Shoebox model

100 100
= 80 £ 80
= =
S 60
@ S 60
I 5]
& 40 g 40
S 5
o
S 20 520
0

W_Wall O Wall W_Floor O Floor W_Roof O Roof W Wall O Wall W_FloorO Floor W _Roof O Roof

Figure 3-7: Selected ECMs in detailed and simplified models: insulation selection.
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Figure 3-8: Selected ECMs in detailed and simplified models: glazing selection.
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Table 3-6: Comparison of the cost-effective and energy-efficient scenarios in the detailed and three-

zone models.

Min NPV Min NPV Min PE Min PE
detailed model three-zone model detailed model three-zone model
NPV [kCAD] 831 766 874 790
PE [MWh] 225 203 214 194
Warehouse Wall Fiberglass-6 in Fiberglass-6 in StoneWool-5.5 in StoneWool-5.5 in
Office Wall Fiberglass-6 in StoneWool-5.5 in StoneWool-5.5 in StoneWool-5.5 in

Warehouse Floor
Office Floor

Warehouse Roof

base model
Fiberglass-6 in
Fiberglass-6 in

Fiberglass-3.5 in
Fiberglass-6 in
Fiberglass-6 in

StoneWool-5.5 in
Fiberglass-6 in
StoneWool-5.5 in

Fiberglass-6 in
Fiberglass-6 in
StoneWool-5.5 in

Office Roof Fiberglass-6 in Fiberglass-6 in StoneWool-5.5 in StoneWool-5.5 in

West Office Double Glazed Double Glazed
Baseline Baseline

Window Low-E, Argon Low-E, Argon

South Office Double Glazed Double Glazed
Baseline Baseline

Window Low-E, Argon Low-E, Argon

East Office Double Glazed ) Double Glazed Double Glazed

] Baseline
Window Low-E, Argon Low-E, Argon Low-E, Argon
East Warehouse
) Baseline Baseline Baseline Baseline

Window

East ~ Warehouse

Window  Length Baseline Baseline Baseline Baseline

[m]

West Warehouse Double Glazed Double Glazed
Baseline Baseline

Window Low-E, Argon Low-E, Argon

West Warehouse

Window Length Baseline Baseline 1 1

[m]

Overall, the three-zone model, which divides spaces by usage (warehouse, office, and plenum),
effectively captures the key characteristics of the detailed model, making it a reliable alternative
for energy modeling when both accuracy and efficiency are critical. The model performs well
by simplifying internal spaces without losing important functional distinctions. Consolidating
similar zones reduces computational time while maintaining acceptable accuracy by
accounting for varying usage patterns and HVAC systems within the building. The findings

suggest that when simplifying building models, it is crucial to consider the impact of space
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usage when merging zones. Different spaces, such as offices, warehouses, and plenum areas,
have unique thermal characteristics and energy demands. Overlooking these distinctions can

lead to inaccurate predictions of energy performance.

3.3.3 Energy Modeling Practices and Preferences Survey

The resource-intensive nature of building energy modeling poses barriers to efficient project
execution and innovation. Simplification reduces simulation time and lowers the effort and
time required for modeling. However, the effects of simplification on the time required to
generate the base model, such as data collection, geometry creation, and HVAC system
definition, remain underexplored. Therefore, a comprehensive survey was conducted to
explore current practices, preferences, challenges, and opportunities for simplification in
building energy modeling, targeting a diverse group of professionals, including engineers and
energy modelers. Figure 3-9 provides a comprehensive breakdown of the time distribution

professionals dedicate to various stages of building energy modeling.

The data highlights that over 40% of participants spend 10-25% of their total time on data
collection, with an additional 20% allocating 25-40% to this task. In creating detailed
geometries, approximately 30% of professionals report spending 10-25% of their time, while
about 15% dedicate 40-50%, demonstrating the intensive nature of this step. For HVAC system
modeling, the time distribution shows more variability. Around 20% of participants spend 10-
25% of their time on this task, while roughly 10% allocate 40-50% to it, reflecting the
complexity of HVAC modeling in energy simulation workflows. In contrast, addressing
simulation errors appears less time-intensive for many respondents, with nearly 50% spending
less than 10% of their total time on this activity. However, a smaller portion (about 20%)
reported spending more than 25% of their time resolving errors, highlighting the variability in

the challenge posed by simulation troubleshooting. These activities represent critical initial
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steps in the modeling process, often labor-intensive and requiring significant attention to detail.
This highlights the substantial effort needed during the early phases of model development,
suggesting that strategies to streamline these tasks could improve overall efficiency in building

energy modeling workflows.

Given the substantial time investment required for detailed building energy modeling, many
professionals expressed a strong willingness to adopt simplified modeling approaches. As
shown in Figure 3-10, 62% of respondents are moderately willing to accept reduced accuracy
in exchange for faster simulations, while 19% are very willing to make such trade-offs, even
with noticeable reductions in accuracy. This indicates growing industry acceptance of
balancing accuracy and efficiency to meet time and resource constraints. The survey revealed
that professionals with over four years of experience are similarly inclined toward simplified
models, with around 60% accepting a reduction in accuracy for improved efficiency.
Simplifications in complex tasks, such as detailed geometry creation and HVAC system
specifications, proved particularly effective, as illustrated in Figure 3-11. For 42% of
respondents, these simplifications reduced modeling time by more than 40%, highlighting the
potential for significant time savings in labor-intensive processes. In contrast, less complex
tasks, such as defining materials, construction elements, lighting systems, and operational
schedules, yielded only 5-10% time savings for about half of the participants. These findings
underscore the industry's readiness to shift to more efficient modeling techniques that prioritize

speed and resource optimization without compromising the integrity of simulations.
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3.4 Conclusion

This study provides a comprehensive evaluation of building model simplifications in the
context of multi-objective energy retrofit optimization, aiming to balance computational
efficiency and predictive accuracy. The novelty of this work lies in identifying which
simplification strategies can most effectively balance computational efficiency and accuracy,
while leveraging parallel computing to enhance the optimization process for building energy
retrofits. A survey of energy modelers was conducted to understand current practices, followed
by an assessment of thermal zone abstraction, HVAC simplification, material property
approximations, and geometric simplifications applied to a mixed-use commercial building

using a parallel NSGA-II framework.

The results demonstrate that simplified models significantly reduce computational time,
especially when combined with parallel processing. In the detailed model, parallel computing
halved the simulation time, reducing it from 21.65 hours to 10.65 hours. Among the simplified

models, the shoebox approach was the fastest (0.39 hours) but introduced notable energy
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consumption underestimations (11% for gas and 21% for electricity). The three-zone model,
which divided spaces by usage, provided the best balance between efficiency and accuracy. It
required 6.34 hours while maintaining a 7% underestimation for gas and 14% for electricity.
These discrepancies in energy estimates, particularly in zone- and geometry-simplified models,
stem from the sensitivity of internal walls to solar radiation, which increases cooling demand,
and from convective heat gains on internal surfaces during heating seasons, leading to an
underestimation of heating demand. Similarly, the HVAC simplification model performed well
in predicting gas consumption (3% error) but considerably underestimated electricity use by
80%. This discrepancy arises because the detailed HVAC model accounts for year-round fan
operation, whereas the ideal air load system ignores fan energy consumption, leading to

inconsistencies between the models.

Further analysis of objective function values and ECM recommendations showed that the
detailed model exhibited the widest range of Pareto-optimal solutions, offering greater
flexibility for retrofit decisions. The R-value model, which simplified material properties,
closely aligned with the detailed model (NPV deviation: 0.27%-0.94%, PEC deviation:
0.18%—0.81%). The three-zone model performed well, with modest deviations (8% NPV, 10%
PEC), whereas the shoebox, simplified geometry, and single-zone models showed larger
inaccuracies due to their inability to account for convective heat gains and conduction losses
fully. The reduced predictive accuracy in the simplified zone and geometry models can be
attributed to their inability to fully account for convective heat gains and conduction losses,
leading to underestimations of heating and cooling energy demands compared to the three-zone

and detailed models.

Overall, the three-zone model, which divides spaces by usage, emerged as the most reliable

compromise, effectively capturing key characteristics of the detailed model while maintaining
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reasonable computational efficiency. The shoebox model, though highly efficient, sacrifices
accuracy and is better suited to large-scale applications that require rapid simulations. The R-
value model, while accurate, had a computational time (10.37 hours) similar to the detailed
model, making it more applicable when detailed material data is unavailable. Importantly, a
survey of energy modelers revealed that 42% of participants experienced over 40% time
savings by simplifying geometry and HVAC systems, highlighting the practical benefits of

model simplification in early retrofit decision-making.

This study highlights several areas for future research. In this respect, while the findings
demonstrate the potential benefits of model simplification, it is essential to recognize that the
specific characteristics of the case study building influence the conclusions. The selected
building shares architectural similarities with a large number of mixed-use office buildings in
the region and across Canada. Moreover, its mixed-use functionality introduces distinct
characteristics. As demonstrated in this study, merging zones with different functions, such as
office, warehouse, and plenum areas, into a single-zone model significantly reduces accuracy,
a limitation not observed in single-functionality buildings, such as the predominantly
residential models commonly examined in the literature. However, as a mixed-use commercial
facility, the building features distinct internal zoning, HVAC configurations, and occupancy
patterns, presenting unique simplification challenges that may not fully represent the behavior
of residential buildings, industrial facilities, or highly glazed structures. Consequently, while
the findings serve as a valuable reference for similar office buildings, their applicability to other
building types and retrofit scenarios may be limited. However, the proposed framework is
adaptable and can be readily applied to various building types. Therefore, a more
comprehensive guideline can be developed by implementing the proposed framework across
different building typologies and climatic conditions. Expanding this investigation to

encompass a broader range of buildings and mechanical systems would help assess the
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consistency of the observed results. Future work should also consider diverse climate zones
and future weather scenarios to develop resilient retrofit strategies that can adapt to changing
environmental conditions. Additionally, investigating how simplification affects the accuracy
of retrofit recommendations, especially for complex systems such as dynamic HVAC controls
and advanced materials, would refine modeling approaches to enhance the efficiency and

performance of energy retrofitting in residential and commercial sectors.
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Chapter 4: Evaluating Simplified Building Models' Sensitivity to Climate

Data for Energy Retrofit Optimization

This chapter has been published as:

e Article 3: Y. Dadras, F. Mostafazadeh, M. Kavgic, M. Ghobadi, Enhancing building
energy optimization efficiency: A performance analysis of simplification approaches,
Journal of Building Engineering 105 (2025).

https://doi.ore/10.1016/j.j0be.2025.112559.

e Conference paper 4: Y. Dadras, F. Mostafazadeh, M. Kavgic, Y.D. Ca, Impact of
Modeling Simplification on Energy Simulation Speed and Accuracy Considering
Climate Change: A Case Study of a Dormitory Building, CIB Conferences 1 (2025)
171. https://doi.org/10.7771/3067-4883.1926. (2025). (CIB Conference in West

Lafayette, Indiana, USA).

4.1 Introduction

This chapter examines how simplified building energy models respond to different weather
boundary conditions during retrofit optimization. While simplified models can significantly
reduce computational effort, their performance may vary when diverse climate inputs,
including typical meteorological years, extreme hot and cold periods, and future climate
projections, drive simulations. Understanding this sensitivity is essential because retrofit
decisions depend on the accuracy of model predictions across both current and future

conditions.

Using the validated dormitory building introduced in Chapter 2 as the case study (Case study
2), this chapter evaluates how zoning abstraction, HVAC simplification, and material

idealization influence model accuracy under eight climate scenarios. The analysis quantifies
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the stability of simplification errors across weather files and assesses whether simplified
models remain reliable when optimization is performed under projected future climates. The
findings provide insight into when simplified models are suitable for early-stage decision-
making and when higher-fidelity evaluation is necessary, especially for peak-load assessment

and long-term retrofit planning.

4.2 Methodology

Figure 4-1 illustrates the methodological framework adopted in this chapter. The framework is
structured into three main stages: (1) climate projection, (2) energy simulation modeling and
simplification, and (3) evaluation of climate-adaptive retrofit strategies using the prNSGA-III

optimization algorithm.

The first stage, climate projection, involves extracting weather data from various sources and
generating weather files required for simulation. Four categories of weather files are developed
to assess the building performance of simplified and detailed models under boundary climate
conditions. (i) an actual weather file based on data from the year 2018, (i1) typical
meteorological year (TMY) files, including EnergyPlus TMY and CWEC files from 2016 and
2020, and (1i1) future weather files representing the 2020, 2050, and 2080 created using
CCWorldWeatherGen and Meteonorm, and (iv) extreme weather files representing the hottest

and coldest years over the past two decades.

In the second stage, building energy simulation models are developed using a combination of
case study data, local climatic conditions, building energy standards, and existing literature.
Both detailed (Chapter 2, section 2.1.2) and simplified (Chapter 2, section 2.2) versions of the
model are created. The simplification strategies examined include: (i) thermal zone abstraction
(Scenarios A21—Aa24), (i1) material property simplification (Scenario B»i), and (iii)) HVAC

system simplification (Scenario C»1).
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The final stage involves evaluating retrofit strategies under future climate conditions using the
prNSGA-III optimization algorithm. Both the simplified and detailed models are employed in
a two-phase optimization process. In the first phase, the simplified model is used to identify
optimal retrofit configurations. Each configuration is then simulated using the detailed model
to compare the accuracy of simplified models. The second phase optimizes each model
independently, enabling a direct comparison of retrofit solutions and computational time
between simplified and detailed models. This dual-stage framework offers a comprehensive
evaluation of how model complexity affects the selection of energy conservation measures

(ECMs) in climate-adaptive retrofit planning.

The simulation engine (EnergyPlus) and optimization algorithm (prNSGA-III) used in this
chapter are well-established and widely adopted in the literature. Since the objective is to
systematically evaluate the impact of different weather boundary conditions on the accuracy of
simplified building energy models, employing these proven tools helps isolate the effects of
weather data and model simplifications. This approach ensures that observed variations are
attributable to boundary conditions rather than methodological uncertainties. As a result, the
study provides practical error ranges for common simplification strategies, offering guidance

to practitioners seeking computationally efficient yet reliable models.

4.2.1 Weather Data Selection

4.2.1.1 Actual and Typical Meteorological Weather Files

Local weather conditions are commonly incorporated into energy models using AMY and
TMY data. AMY files contain recorded weather data for a specific year, capturing the unique
conditions of that period [94]. In this study, the 2018 AMY file was generated using data from

the Ottawa Cda RCS station (Figure 4-2). This dataset provided hourly values for temperature,
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humidity, wind, and pressure, while solar radiation was supplemented from the National Solar

Radiation Database (NSRDB) [95].

To represent long-term climate trends, three TMY files were used: two Canadian Weather for

Energy Calculations (CWEC) files, based on the Canadian Weather Energy and Engineering

Datasets (CWEEDs) from 2016 and 2020 [96], developed by Environment and Climate Change

Canada and the National Research Council (NRC) using the Sandia selection method [97]; and

a third TMY file from the EnergyPlus repository, organized by the World Meteorological

Organization region and country [98,99]. Table 4-1 summarizes the data periods and

representative months for each TMY file, highlighting source differences that may affect

simulation outcomes.

Table 4-1: Weather data periods of the typical weather years.

Weather Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct  Nov Dec
1953 -

TMY_EP 1966 1980 1964 1964 1968 1970 1977 1981 1979 1969 1974 1960
1995
1998 -

CWEC 2016 2011 2001 1998 2002 2014 2011 1998 2010 2012 2004 2004 2012
2014
1998 -

CWEC 2020 2011 2001 2006 2011 2014 2011 1998 2010 2001 2004 2004 2016
2017
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Figure 4-2: Location of the case study building and weather station in Ottawa (Canada).

4.2.1.2 Future Weather Files

To conduct a comparative analysis of future climate impacts on building energy performance,
two statistical downscaling tools, Meteonorm v8 [100] and CCWorldWeatherGen v1.9 [101]
were employed to generate projected weather files for the city of Ottawa. These tools are widely
used in the field of building performance simulation due to their accessibility and ability to
generate future climate scenarios from Global Climate Model (GCM) data [102]. The two
approaches differ fundamentally in their underlying assumptions. CCWorldWeatherGen
employs a morphing technique, in which monthly mean deltas from the HadCM3 [103] GCM
(IPCC TAR A2 scenario) are superimposed on historical weather files such as TMY or CWEC
[104]. This method preserves the original local variability and extreme events, but the results
depend on a single climate model and scenario, which may introduce structural bias if the
selected GCM misrepresents regional trends. Meteonorm v8, in contrast, is a stochastic weather
generator that synthesizes hourly time series from long-term climate statistics and its own
integrated database. It incorporates multiple Representative Concentration Pathways (RCPs
2.6, 4.5, and 8.5 from the Fifth Assessment Report), enabling the exploration of a wider range
of emission futures; however, it tends to smooth short-term variability, potentially
underestimating the frequency and intensity of extreme events [105]. Weather files were

created for 2020, 2050, and 2080, consistent with mid- and long-term retrofit planning
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horizons. Although the optimization spans from 2025 to 2080, 2020 was used as the baseline
because both tools base their projections on that year and do not support intermediate years,

such as 2025.

4.2.1.3 Extreme Weather Files

To further investigate the impact of weather data on energy performance across different
building models, this study identifies representative extreme hot and cold periods using an
advanced surface thermal metric, the equivalent temperature (Teq). This parameter captures the
combined thermal effects of convection, shortwave solar radiation, and longwave radiative
exchange between the outdoor environment and the building envelope [106]. By integrating
these mechanisms, Teq provides a more comprehensive representation of outdoor thermal stress

than air temperature alone.

Hourly equivalent temperature, Teq [°C], is calculated over a 20-year historical dataset using
four meteorological inputs: dry bulb temperature (Tair) [°C], dew point temperature (Tqew) [°C],
global horizontal irradiance (GHI) [W/m?], and wind speed (v) [m/s]. The equivalent
temperature accounts for the combined impact of shortwave solar radiation, longwave radiative
heat exchange with the sky, and convective heat transfer with the surrounding air and is

calculated using Equation 4-1 [107].
1 .
Teq = Tair + o (GHI. asor + (Tsky — Tair)- @r Equation 4-1

where g, = 0.7 is the assumed surface solar absorptivity, o, is the radiative heat transfer
coefficient [W/m?K], and a, = a. + o, is the total effective heat transfer coefficient
[W/m?-K]. The sky temperature (Tsky [°C]) is estimated using a clear-sky emissivity model
derived from the dew point temperature [108,109]. And €., 1S the emissivity of a clear sky.

The detailed equations used to determine emissivity, clear-sky temperature, cloud correction,
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convective and radiative coefficients, and the magnitude index for extreme event detection are

provided in Appendix B, Equations B.1-B.6.

Once Teq is computed, daily maximum and minimum values are extracted to form a time series
of extreme thermal conditions. For each year, a sliding four-day window is applied to evaluate
candidate extreme periods. The severity of each of the four days is quantified in Equation 4-2
using a magnitude index (M;), that captures the persistence and intensity of deviations from

long-term statistical thresholds [110].

M- _ 24 p[Tmax,j_Tmax,thres Tmin,j_Tmin,thres
l J=1 2XSDT max 2XSDT min

Equation 4-2

Here, Tmaxj and Tminj represent the daily maximum and minimum Teq for each day in the
window, while Timax thres and Trmin.thres are defined as the median of the 90™ and 10" percentiles,
respectively, from the 20-year distribution of daily maximum and minimum Teq. Standard
deviations SDtmax, and SDtmin are used for normalization. The p = 1 is used for hot periods
and p = -1 for cold periods. To ensure seasonally realistic outcomes, hot events are restricted
to May through September, and cold events are limited to November through March. For each
year, the four days with the highest hot and cold magnitude index are selected as the

representative extremes.

In addition to identifying peak intensity and the extreme temperature events, this study assesses
the frequency of heat and cold waves using a dynamic threshold approach adapted from
Lavaysse et al [110] and Smid et al. [111]. For each calendar day, a 31-day moving window

centered on the target day is used to compute variable thresholds:
o Heat wave threshold: 90th percentile of daily maximum Teq

o Cold wave threshold: 10th percentile of daily minimum Teq
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A heat wave is defined as a period of at least three consecutive days during which the daily
maximum Teq exceeds the corresponding dynamic threshold. Similarly, a cold wave is
identified when the daily minimum Teq remains below the cold threshold for three or more
consecutive days. The total number of heat and cold waves is calculated for each year to

evaluate trends in the occurrence of short-term temperature anomalies.

4.2.2 Objective Functions

This study integrates environmental and economic objectives to evaluate energy retrofit
scenarios. Environmental performance is assessed by minimizing total operational energy
consumption (EC) and operational carbon emissions (OCE), while economic feasibility is
evaluated through Life Cycle Cost (LCC) over a 55-year service life (2025-2080)
[77,78,80,81,83,90,92,112]. EC is calculated by summing annual electricity and natural gas
use, and OCE is estimated using emission factors from the National Research Council Canada:
0.185 kg CO2/kWh for natural gas and 0.0579 kg CO./kWh for electricity [113]. Energy
simulations are conducted in EnergyPlus for three representative future years (2020, 2050,
2080). Intermediate years (2025, 2030, 2040, 2060, 2070) are estimated through linear
interpolation to capture long-term energy and emissions trends under changing climate

conditions [114]. The total environmental impact is expressed in Equations 4-3 and 4-4.

EC = Y(EC; + GCy) Equation 4-3
OCE = Y HEC; - EFgiec + GC; - EFy45) Equation 4-4
where EC; and GC; are electricity and natural gas consumption in year i, and EF,. and EF,,;
are the emission factors for electricity and natural gas, respectively.

The LCC is calculated over a 55-year evaluation period (2025-2080), combining the retrofit
investment cost with the present value of future electricity and natural gas expenditures. The

analysis is conducted using the constant-dollar method, employing a real discount rate that
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reflects the time value of money, exclusive of general inflation. The LCC 1is defined using

Equation 4-5.
LCC = I + X ;(Ef*°. qj. Cotec + E7*. 4. Cgas) Equation 4-5

where I is the initial investment cost of retrofit measures, E jelec and Ejg “represent the estimated
annual electricity and gas consumption (in kWh/year) for decade j, q; is the present value factor
for decade j, and Cgpec and Cyq are the base-year (2025) unit costs of electricity and natural
gas, respectively. The present value factor q; discounts a stream of escalating annual costs over

each decade and is calculated using the Modified Uniform Present Value (UPV*) [115] in

Equation 4-6:

t.
[1_(11:&9) J]
g =1 g ifdr # g Equation 4-6
g ifd, = g

1+d,

where t; is the duration of the evaluation period for decade j (typically 10 years, except for the

first block covering 2025-2029 with 5 years, and the final year 2080 with 1 year), g is the
assumed real escalation rate of energy prices (0.5%) [116], and d; is the real discount rate,

which is computed based on the nominal discount rate and general inflation in Equation 4-7.

_ 1+d,
1+e

dy Equation 4-7

where d, = 3.29% [117] is the nominal discount rate, and e = 2.5% [118] is the annual inflation

rate.
4.2.3 Multi-Objective Optimization
The optimization problem is formulated with three objectives:
e Minimize F1(x): Total energy consumption over 55 years

e Minimize F2: Operational equivalent CO, emissions
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e Minimize F3(x): Life cycle cost (LCC) based on net present value (NPV)

Subject to x€X, Constrains: EC < ECy,, OCE < OCE|,

where x is the vector of decision variables defining retrofit strategies, X is the feasible solution
space, and EC, and OEC, are baseline operational energy consumption and CO> emissions,
respectively. Each objective function is evaluated using results from annual energy simulations
performed in EnergyPlus. A constraint is applied to enforce minimum energy performance and
emission limits by excluding solutions that perform worse than the baseline case. To solve the
optimization problem, this study adopts a methodology similar to [52], employing a customized
version of the Non-dominated Sorting Genetic Algorithm IIT (NSGA-III) tailored for parallel,
simulation-based optimization called prNSGA-IIIL. Genetic algorithms, particularly their multi-
objective variant, NSGA-II, have been widely applied in the literature and are recognized as
established optimization methods [119—124]. More recent research has demonstrated that
newer versions of multi-objective genetic algorithms, such as NSGA-III, outperform NSGA-II
on problems with more than two objectives by introducing hyperplane and reference points
that guide the classification and selection of high-quality solutions for subsequent populations
[125,126]. In this study, a modified version of NSGA-III, called prNSGA-III, is employed,
specifically tailored for improved performance in building energy optimization. To enhance
computational efficiency, prNSGA-III integrates two key modifications. First, the evaluation
of individual retrofit configurations is parallelized across multiple CPU cores, enabling
simultaneous simulation runs and significantly reducing total computation time. Second, a
result-archiving mechanism is implemented to eliminate redundant simulations. Each solution
vector is assigned a unique identifier, allowing previously evaluated configurations to be

retrieved from an archive rather than re-simulated.

The genetic algorithm was configured with a population size of 50, while mutation and

crossover probabilities were set at 0.7 and 0.4, respectively. These parameter values, informed
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by prior research [127—129], provide a balance between solution reliability and computational
efficiency. The evolutionary process was carried out until the termination condition was met,
defined as 100 generations. The optimization runs for all models were performed on a computer

equipped with an Intel Core 19 processor operating at 2.60 GHz with a 24 MB cache.

4.2.4 Simplified Models Evaluation Framework

The detailed dormitory model was simplified using the abstraction strategies outlined in
Chapter 2, including thermal zone aggregation (A21-A24), HVAC simplification (B21), and
material property reduction (Cz1). These scenarios reduce spatial, mechanical, and material
detail while preserving the model inputs required for energy and retrofit evaluation. The
simplified versions of the model serve as the basis for the accuracy and sensitivity analyses

presented in this chapter.

Modeling accuracy is evaluated by first conducting optimization using only simplified building
energy models. The resulting ECMs are then re-simulated with a detailed model to assess long-
term performance. The detailed model is not involved in the optimization itself but serves as a
post-optimization benchmark. The deviation in predicted objective functions is quantified by
comparing them over a 55-year simulation horizon in simplified models against the benchmark

detailed model's results. The percentage error is calculated using Equation 4-8:

Objs—0bj :
error = =224, 100 Equation 4-8
Obj4

where Obj,; and Obj, denote the objective function values from the detailed and simplified

models, respectively.

Additionally, a separate optimization is performed using the detailed model to generate its own
optimal ECM set. These results are compared to those from each simplified model to examine

how model fidelity influences retrofit selection under future climate conditions. Furthermore,
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separate optimization runs are conducted for all models to assess their efficiency relative to the

detailed model.

Energy conservation strategies were developed based on a detailed energy audit, stakeholder
input, and an assessment of locally available options. Thermographic imaging revealed key
envelope deficiencies, including thermal bridging, inadequate insulation, and air leakage
around aging windows. Retrofit measures focused on improving envelope performance
through various insulation types and thicknesses, as well as evaluating high-performance
window systems. Although physically connected, the residential and mixed-use sections differ
in function, occupancy, internal loads, and HVAC systems, requiring tailored retrofit
approaches for each. This separation ensures more realistic and effective optimization

compared to applying uniform measures across both areas.

To account for the potential use of the dormitory building during the summer as rental
accommodation for summer camps and students, cooling was added to the retrofit scenario via
portable window air-conditioning units. The selected ECMs, outlined in Table 4-2, were
included as decision variables in the EnergyPlus [68] and MATLAB [75] optimization
framework.

Table 4-2: Characterization of investigated ECMs.

Components Decision Variables Investigated options

) Add exterior insulation to the RB.
Exterior wall ) )
Add exterior insulation to the MB.

Replace insulation in the RB. 10 insulation options (rigid insulation and foam
Basement wall ) o insulation with R-values between 0.8 and 3.5
Replace insulation in the MB. [m2K/W])
Add roof insulation to the RB.
Roof
Add roof insulation to the MB.
Replace floor insulation in the RB.
Floor
Replace floor insulation in the MB.
Replace windows in the RB. 6 window options:
Window Glass material: clear, bronze, and reflex.

Glass thickness [mm]: base case, 4, 6, 10

Replace windows in the MB. )
Gas: air, argon
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4.3 Results and Discussion

4.3.1 Impact of AMY and TMY Weather Files on Detailed and Simplified Models

This section evaluates the suitability of three TMY datasets (TMY_EP, CWEC 2016, and
CWEC 2020) against the AMY 2018 file using weather parameters (dry-bulb temperature,
global horizontal irradiance, and relative humidity) and thermal demand indicators (HDD and
CDD), showing that while mean values are similar across datasets, differences exist in
temperature ranges, solar radiation distributions, and humidity variability, with AMY capturing
the widest extremes and CWEC datasets reflecting more overcast conditions (Table 4-3).
Moreover, in Table 4-4 energy demand assessed through HDD (18 °C) and CDD (23 °C) shows
that while CWEC 2016 and 2020 align more closely with AMY in heating demand, all TMY
datasets misrepresent cooling demand by up to 43%, with TMY_EP overestimating HDD by

6% and underestimating CDD by more than 60%, which may lead to biased retrofit

recommendations for passive cooling strategies or cooling system sizing under future climates.

Table 4-3: Summary statistics of dry-bulb temperature, global horizontal radiation, and relative
humidity for TMY and AMY weather files.

Weather file ~ Dry bulb temperature [°C] Global Horizontal Radiation [W/m?] Relative humidity [%]

Mean Median Min Max Mean  Median Min Max  Mean Median Min Max
AMY 2018 7 6 -28 35 155 4 0 986 71 73 14 99
TMY_ EP 6 7 -25 33 153 10 0 1005 68 69 16 107
CWEC_2016 7 7 -30 33 156 1 0 965 73 75 20 100
CWEC 2020 7 8 -30 33 156 1 0 965 72 74 18 104

Table 4-4: Annual HDD and CDD were calculated for each weather file using hourly temperatures,
with base temperatures of 18 °C and 23 °C, respectively.

Weather File HDD (°C-day)

CDD (°C-day)

AMY 2018 44828
TMY EP 47469
CWEC 2016 4393.5
CWEC 2020  4406.8

140.0
533
81.5
79.5
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The impact of different weather files on energy predictions was assessed using both a detailed
model and several simplified configurations. Table 4-5 reports total natural gas consumption
across four weather files during the occupied season (September—April). Zone-simplified
models consistently underpredict energy use compared to the detailed model, although the
magnitude of the deviation depends on the level of simplification and the weather file used.
During colder months, zone-simplified models may underestimate heating loads because they
fail to account for increased convective exchange and dynamic heat losses through the envelope
[15,130]. This trend of underprediction in zone-simplified models is consistent with findings

reported in the literature [14,15,30,130,131].

In the one-zone model, energy consumption varied by weather file, with TMY _EP producing
a 16.3% deviation from the detailed model, compared to 14.9% for AMY and 14.6% for CWEC
2016. These results highlight how oversimplified zoning can amplify the impact of climatic
assumptions, particularly under colder profiles, such as TMY _EP. More granular models (e.g.,
two-, seven-, and thirty-five-zone) exhibited smaller and more consistent errors; for instance,
the thirty-five-zone model had a stable deviation of 10.9% across AMY and TMY files. These
findings indicate that greater spatial detail reduces sensitivity to weather-file variability,

thereby enhancing the robustness of energy predictions across different climate conditions.

HVAC simplification consistently led to an underestimation of approximately 21%, regardless
of the weather file used. This finding highlights the dominance of system-level assumptions
over climatic inputs for this type of HVAC. The ideal HVAC system ignores part-load
inefficiencies and the transient dynamics inherent in actual HVAC performance, leading to
substantial discrepancies in energy predictions. The R-value simplification model showed
greater weather sensitivity, overestimating demand by 1.5% to 3.3% across files. This behavior
can be attributed to the omission of thermal mass in the simplified model. Thermal mass

enables building materials to absorb, store, and gradually release heat, thereby moderating
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indoor temperature swings and reducing reliance on mechanical systems. Without representing
these dynamic thermal interactions, the R-value model overlooks an essential passive
mechanism of heat regulation [130].

Table 4-5: Total natural gas consumption [MWh] predicted by detailed and simplified models across
weather files during the occupied heating season (September—April).

Seven-
Weather File Detailed  One-zone Two-zone Thirty-five-zone  R-value = HVAC
zone
AMY 2018 663.4 564.6 577.0 586.7 590.8 673.2 523.2
TMY EP 679.5 569.0 590.7 601.4 605.0 694.2 535.9
CWEC 2016 627.1 535.5 549.7 555.7 559.2 648.0 491.8
CWEC 2020 631.0 535.8 551.3 558.8 562.3 651.3 495.4

An additional analysis examined monthly percentage errors in predicted natural gas
consumption across TMY and AMY scenarios to assess the weather sensitivity of simplified
models. As shown in Figure 4-3, the one-zone model exhibited the highest variability, with
errors ranging from 1.2% (TMY_EP) to 17.8% (AMY) in September, and 8—22% during colder
months. However, it is essential to note that shoulder season errors can appear exaggerated due
to low baseline heating demand, where small absolute deviations result in large percentage
differences. Similar fluctuations were observed in the two-zone and R-value models, indicating
greater sensitivity among more abstracted configurations to changes in weather inputs. In
contrast, higher-resolution models, such as the thirty-five-zone model, maintained more stable
error margins of about 11% in heating months, suggesting reduced sensitivity to boundary
condition variability. The HVAC-simplified model consistently underestimated by a significant

amount across all months, primarily because it neglected system inefficiencies.

One- and two-zone models also experienced a seasonal bias, underpredicting in winter and
overpredicting in the shoulder months, such as September. These overestimations are largely
attributable to the loss of interior thermal mass. When multiple zones, including vertically
stacked floors, are merged, key thermal storage elements such as floors and ceilings are
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removed. This thermal mass removal reduces the model's ability to buffer short-term
temperature fluctuations through thermal inertia. A practical approach to improve the
performance of highly abstracted zone-simplified models is to reintroduce the unaccounted
interior thermal mass using the "InternalMass" object in EnergyPlus, which requires specifying
the removed construction and its equivalent area. After adding interior thermal mass (vertically
stacked floors) to the one- and two-zone models, natural gas consumption in September was
underestimated by only 2.3% and 0.9%, respectively, under the AMY scenario compared to the
detailed model. These results represent a significant improvement over versions without
interior thermal mass, which showed overestimations of 17.8% for the one-zone and 14.6% for
the two-zone model. Cold-season underestimations reflect the models' inability to capture inter-
zone heat transfer, especially solar gains in window-facing walls. Absorbed solar energy is
often stored in interior surfaces and gradually released, moderating space temperatures over
time. High-resolution models (seven- and thirty-five-zone) better represent these dynamics,

maintaining errors below 12% across most months.

The R-value model performed well in peak heating months (e.g., 2.2% error in January under
AMY); however, it greatly overestimated heating in the shoulder season, with errors exceeding
114% in September. This overestimation results from the lack of thermal mass, which in the
detailed model tempers heat transfer during fluctuating conditions. Unlike zoning
simplifications that retain most of the construction mass, the R-value model replaces all interior
and exterior construction with massless layers, eliminating buffering effects and inflating
demand during milder weather. Improving thermal mass in the R-value model cannot be
addressed in the same way as in zone-simplified models through the "InternalMass" object,
since the R-value approach is often applied when detailed, layer-by-layer material information
is unavailable. Moreover, assigning thermal mass to each zone separately, with the

corresponding surface area, would be complex and impractical. A more reasonable strategy is
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to adopt a hybrid hypothetical approach. In this method, representative high-mass materials in
the building are identified through observation, and a hypothetical material is defined with the
same overall R-value as the massless layer but with specified density and specific heat capacity
values characteristic of the identified material. This hypothetical material is then assigned to
the construction, preserving the intended thermal resistance while reintroducing realistic
thermal mass effects. After applying the hypothetical material to the external surfaces, the
September heating prediction error under AMY improved from a 114.5% overestimation to a
40% overestimation. Assigning it to both external and internal surfaces further improved

accuracy, resulting in an 18% underestimation of the actual value.

Finally, the HVAC-simplified model consistently underestimated heating by over 20%. These
inaccuracies arise from the use of an ideal load air system, which fails to capture part-load
inefficiencies, response delays, and distribution losses, factors that are particularly influential

during periods of fluctuating demand.
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Figure 4-3: Monthly heating error of simplified models compared to detailed baseline across TMY
and AMY weather scenarios. (*September is a key transition month)
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Table 4-6: Monthly average weather conditions in September across different weather files.

Weather File Temp (°C) Temp standard deviation (°C) RH (%) GHI (Wh/m?)
AMY 16.84 6.12 76.1 155.1
TMY_EP 14.23 5.09 74.3 156.5
CWEC_2016 14.80 5.73 77.3 162.4
CWEC 2020 15.75 5.41 75.4 170.1

4.3.2 Influence of Future Climate Scenarios on Energy Model Predictions

As presented in Table 4-7, six future weather files generated with CCWorldWeatherGen and
Meteonorm were analyzed to assess changes in annual mean dry-bulb temperature, HDD, and
CDD from 2020 to 2080, showing a consistent warming trend with CCWorldWeatherGen
projecting a 3.91 °C rise by 2080. Meteonorm varies by emissions trajectory (0.91 °C under
RCP 2.6, 2.57 °C under RCP 4.5, and 4.57 °C under RCP 8.5), leading to reductions in HDD

(—1,145.7 °C-days) and increases in CDD (+313.7 °C-days), particularly under high-emission

futures.

Table 4-7: Change in annual temperature, HDD, and CDD from 2020 to 2080.
Scenario ATemperature (°C) AHDD (°C-day) ACDD (°C-day)
CCWorld TMY_ EP 3.91 —924.00 284.71
CCWorld CWEC2016 3.91 —874.80 317.78
CCWorld CWEC2020 3.91 —880.70 315.31
Meteonorm_RCP2.6 0.91 —303.30 1.42
Meteonorm_RCP4.5 2.57 —604.30 185.94
Meteonorm RCP8.5 4.57 —1145.70 313.72

As shown in Figure 4-4, across future climate scenarios, all models project reductions in annual
natural gas use from 2020 to 2080, ranging from 6% to 8% under RCP 2.6 to 24% to 27%
under RCP 8.5. Simplified models closely track the detailed model in capturing these climate-
driven reductions, supporting their application in early-stage retrofit decision-making.
Simplified models can replicate the detailed model's ability to capture long-term reductions in
heating demand under the RCP 8.5 scenario (Figure 4-4), as climate-driven warming exerts a

dominant influence on overall energy use. As average outdoor temperatures rise, the relative
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differences introduced by simplifications such as zone aggregation, omission of thermal mass,
or HVAC idealization become less pronounced in terms of annual energy demand. In other
words, the large-scale decline in heating requirements over several decades is consistently
reflected across both simplified and detailed models. By contrast, short-term behavior, such as
monthly results during transitional seasons or hourly profiles under extreme conditions, reveals
more noticeable discrepancies. These arise from the inherent simplifications, including merged
zones, massless envelope representations, and idealized system dynamics, which limit the
models' ability to reproduce fine-grained thermal interactions. Consequently, while simplified
models differ from the detailed model in their short-term performance, they align in long-term
percentage changes in heating demand between 2020 and 2080, thereby producing similar

overall trends under future climate scenarios.
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Figure 4-4: Projected change in total natural gas consumption (2080 vs 2020) across models and
climate scenarios.

4.3.3 Model Performance Under Extreme Climatic Conditions
Model performance under boundary conditions was assessed by analyzing predicted heating
demand during extreme hot and cold years, identified using the equivalent temperature-based
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method. This investigation is especially relevant for long-term retrofit planning, where
robustness to extremes is critical. The analysis identified 2020 as the hottest year, with a 4-day
heat event from May 9 to 12, and 2010 as the coldest year, with a cold spell from February 4
to 7. These years represent the most thermally challenging conditions in terms of combined air
and radiative loading, making them ideal candidates for stress-testing building models under
non-typical boundary conditions. The annual frequency of 3-day (or longer) thermal events
was also evaluated. Figure 4-5 shows that cold waves occurred regularly, with some years (e.g.,
2013, 2015) experiencing up to three events. In contrast, heat waves were rare, with only 2009
and 2016 each registering one. This asymmetry highlights Ottawa's continued heating-

dominated climate despite observed warming trends in Section 4.3.2.
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Figure 4-5: Annual frequency of heat and cold waves in Ottawa based on equivalent temperature
(2003-2023).

Short-term behavior of simplified models under boundary climate conditions was further
examined by analyzing hourly heating demand during the extreme cold period from February
4 to 7, 2010. This 96-hour window corresponds to the most thermally challenging cold wave
in Ottawa over the past two decades, as determined by Teq analysis. Figure 4-6 presents the
hourly natural gas consumption predicted by the detailed model and six simplified

configurations over four days. The detailed model reveals pronounced diurnal variations in gas
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use, with peak heating demands exceeding 225 kWh during the early morning hours and
troughs dropping below 150 kWh in the afternoon. By contrast, the one-zone model
significantly underrepresents these fluctuations. Its predictions remain relatively flat,
particularly during peak demand periods, where hourly consumption levels off around 173
kWh. This smoothing effect is attributed to the extreme spatial aggregation in the one-zone
model, which neglects inter-zone thermal gradients and underestimates perimeter-zone losses.
Over the 96-hour window, the one-zone model underpredicts peak demand by up to 52 kWh
(24.1% underestimation at 6:00 AM on February 6), which limits its suitability for capturing
short-term extremes. Across the entire cold event, the hourly load profiles of the two-, seven-,
and thirty-five-zone models closely track the detailed model, capturing both the morning ramp-

up and afternoon decline in heating demand.

The R-value simplified model consistently underestimates heating demand during off-peak
periods by as much as 34%, particularly during midday hours when solar gains and internal
loads help reduce space-heating needs. This underestimation is primarily due to the model's
lack of thermal mass, which prevents it from capturing the delayed thermal response and heat
storage effects inherent in real building materials. As a result, the model exhibits a more
immediate energy use profile, failing to reflect how buildings with thermal mass can store heat
during active heating hours and release it gradually throughout the day. As noted by Kosny
[132], buildings with significant thermal mass cool down more slowly during setback periods
and take longer to reach the heating setpoint after setback, shifting part of the energy demand
to early and late hours. In contrast, the R-value model tends to overestimate heating during
peak demand hours by up to 13% compared to the detailed model, due to its assumption that

all heating must be supplied instantaneously to meet setpoints.

The HVAC-simplified model exhibits a relatively consistent underestimation of approximately

20% across various weather scenarios, as evident in both the hourly results (Figure 4-6). While
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the magnitude of this error is notable, its consistency indicates a degree of predictability for
this type of HVAC configuration. Such predictability can be useful in practice; however, the
decision to use a simplified model ultimately depends on the practitioner's priorities, project
type, the stage of the decision-making process, the acceptable level of risk, the availability of

data, and the modeling team's expertise.
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Figure 4-6: Hourly natural gas consumption comparison across detailed and simplified models during
extreme cold conditions (Feb 47, 2010).

Under-sizing retrofit solutions based on underestimated peak loads can result in inadequate
system capacity, increased risk of occupant discomfort, and additional stress on electrical grids
during extreme cold events. In addition, utility pricing structures and demand-response
programs increasingly depend on accurate peak demand estimation, so misrepresentation of
peaks can lead to miscalculated economic outcomes for electrification strategies.
Consequently, highly abstracted models, such as the one-zone configuration, should be
interpreted with caution when peak demand predictions are central to the analysis. Mid-
resolution models (two- and seven-zone) showed stronger agreement with the detailed model
in capturing diurnal load fluctuations during extreme events, providing a more reliable balance
between computational efficiency and accuracy. Simplified models remain useful for

exploratory analyses and assessing long-term trends. However, for resilience planning, where
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performance during short-duration but high-impact events is critical, such as in retrofit
planning under electrification pathways, higher-fidelity models or the application of correction

factors are necessary to address predictable underestimations in peak load predictions.

4.3.4 Comparative Evaluation of Optimization Qutcomes

Despite global climate pledges, recent reports confirm that emissions continue to rise, aligning
more with RCP 8.5 than with optimistic scenarios [133]. Accordingly, Meteonorm RCP 8.5
was selected to represent future climate conditions from 2025 to 2080. RCP 8.5 represents a
high-emissions pathway aligned with current global trends, characterized by insufficient
climate action and a continued failure to meet the Paris Agreement targets [134]. As discussed
in Section 4.3.2 and illustrated in Figure 4-4, RCP8.5 leads to a substantial (~24-27%)
reduction in heating demand due to accelerated warming. Notably, all simplified models in this
study exhibit a similar percentage reduction in heating demand from 2020 to 2080 under the

RCP8.5 scenario, suggesting their potential to approximate long-term climate-driven trends.

Figure 4-7 and Table 4-8 show that under RCP 8.5, Pareto-optimal retrofit solutions range from
CAD 2.37 million to CAD 2.66 million in NPV, with total energy use declining from 41.2
GWh to 36.9 GWh and CO: emissions decreasing from 6.23 million kg to 5.46 million kg.
These results indicate that an 11% increase in NPV enables an 11% reduction in energy
consumption and a 14% reduction in emissions, demonstrating that significant environmental

benefits can be achieved without prohibitive financial costs.
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Figure 4-7: 3D Pareto front for solutions in the detailed model under the RCP 8.5 weather scenario.

Table 4-8: Statistical analysis on Pareto front optimal solutions in the detailed model under the RCP
8.5 weather scenario.

ﬁ(‘i;rf]};l 0 consumption ) poiccions [ke]*10° NPV [CADJ*10?
Minimum 36,890 5,464 2,370
Maximum 41,195 6,233 2,661
Mean 37,620 5,591 2,529
Median 37,219 5,573 2,560
Standard Deviation 853 148 65

Figures 4-8 and 4-9 compare the Pareto-optimal solutions obtained from each simplified and
detailed model under the RCP 8.5 weather scenario (see Tables B.1-B.3). Zone aggregation
models, including one-zone, seven-zone, and thirty-five-zone, shift the Pareto front downward
and to the left under RCP 8.5, underestimating both energy use and retrofit costs. On average,

these models predict 10—-15% lower energy consumption and 5—11% lower NPV compared to

the detailed front.

A secondary validation was performed to assess the predictive reliability of each simplified
model. While the simplified models were used during the optimization process to identify
Pareto-optimal retrofit configurations, each selected ECM package was subsequently re-

simulated using the detailed model to evaluate accuracy. For each model, the average
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percentage error between the simplified and detailed models was calculated across all Pareto-
optimal solutions for NPV, EC, and OCE. The one- and two-zone models exhibited the largest
deviations, underestimating NPV by 10.2% and 8.8%, respectively, and energy use by 14.6%
and 13.7%, respectively. Additionally, they underestimated CO> emissions by 15.6% and
14.9%. The two-zone model also showed the widest range of outcomes among its Pareto-
optimal solutions. The difference between the minimum and maximum NPV values exceeded
42%, compared to 12.3% in the detailed model. The wide NPV range observed in the two-zone
model reflects its tendency to underpredict energy use, leading the optimization process to
favor more aggressive, costly envelope upgrades. The R-value model shifts the Pareto front
slightly upward, marginally overestimating both NPV and energy use. It demonstrates the
lowest average deviation from the detailed model, with values below 2% across all metrics,
indicating strong predictive accuracy. In contrast, the HVAC-ideal model significantly
underestimates energy use (20.7%) and CO2 emissions (26.6%), leading to overly optimistic
performance projections. This level of abstraction fails to capture system-level inefficiencies,

making it unsuitable for reliable retrofit planning.
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Figure 4-8: NPV-EC Pareto front solutions in the detailed and simplified models under the RCP 8.5
weather scenario.
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Figure 4-9: NPV-OCE Pareto front solutions in the detailed and simplified models under the RCP 8.5
weather scenario.

Model simplification introduces errors in energy performance predictions, which propagate
into the objective function values. As a result, for the same building configuration, changes in
objective function values can alter both the ranking of solutions and the identification of
optimal solutions. As optimal solutions are sometimes only marginally better than near-optimal
alternatives, even small errors, as observed in the previous sections, may influence which
solutions are classified as optimal. It is therefore necessary to examine whether such changes
in the selected solutions are substantial enough to affect decision-making. To quantify this
effect, the analysis examines how frequently each decision variable is selected for retrofit

across the optimization results of various simplified models.

Comparing Pareto-front selections between the detailed model and zone-simplified variants
(one-, two-, seven-, and thirty-five-zone) reveals consistent prioritization of envelope upgrades.
As shown in Table 4-9, exterior wall insulation in the residential building and roof upgrades in
both buildings are selected in more than 99% of cases across all models, confirming their cost-
effectiveness regardless of spatial simplification. However, the selection of basement wall

insulation increases sharply, from just 2% in the detailed model to 39% in the simplified cases.
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This shift suggests that lumped zoning tends to overestimate heat loss through below-grade
assemblies by smoothing out temperature gradients between conditioned spaces and
surrounding soil. Similarly, window retrofits are overrepresented, with mixed-use glazing
selections increasing by 21.5 points and residential glazing selections increasing by 4.5 points.
These deviations likely stem from the averaging of solar exposure, internal gains, and
occupancy patterns across larger aggregated zones. In the detailed model, such variations create
localized conditions that reduce the apparent benefit of glazing improvements. Once these
dynamics are homogenized through simplified zoning, the perceived effectiveness of window

upgrades is overstated.

The R-value simplified model aligns closely with the detailed model in envelope-related
ECMs, with all major upgrades selected in 100% of solutions, demonstrating that simplifying
material thermal properties does not alter the priority of the dominant retrofits. Window
retrofits are slightly more frequent in the R-value model, at 64% versus 34% for mixed-use
building windows and 86% versus 62% for residential building windows, suggesting that
removing material variability marginally amplifies the benefits of glazing. In contrast, the
HVAC-simplified model exhibits more pronounced deviations in basement and fenestration-
related selections. While key exterior envelope measures remain prominent, the selection
frequency for the exterior wall of the mixed-use building decreases from 96% to 72%, and
basement wall selections increase from 2% in the detailed model to 30% and 18% for the two
basement zones. Window upgrades also became nearly universal, rising to 98% and 100% for
mixed-use and residential building windows, respectively. These shifts indicate that
simplifying the HVAC system alters the balance between passive and active strategies. By
replacing detailed system components with abstract representations, the model neglects part-
load inefficiencies, distribution losses, and equipment-level performance variations. As a

result, passive measures, especially those affecting thermal loads, appear more effective than
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they would under realistic system operations, potentially leading to overestimated benefits in
early-stage assessments. Overall, findings show that while simplified models tend to over-
select measures in two of the decision variables, they provide reliable results for most others.
This supports their use in the first stage of retrofit decision-making, where rapid exploration of
multiple options is required. However, because simplified models may misrepresent the cost-
effectiveness of specific ECMs, additional analysis is essential before final investment choices
are made. At this stage, engineering judgment and rigorous cost analysis should guide decisions

to ensure that retrofit budgets are allocated to the most impactful and robust measures.

Table 4-9: Percentage of Pareto-optimal solutions retrofitted with a specific option.

Residential building [%] Mixed-use building [%]
Floor Roof Basement Exterior Window Floor Roof Basement Exterior Window
wall wall wall wall

Detailed 0 100 2 100 34 0 100 2 96 62
Average
of ~ zone- 99 39 100 55.5 4 100 145 85 66.5
simplified
models
R-value 0 100 2 100 64 0 100 4 100 86
HVAC 0 96 30 100 98 0 100 18 72 100

The main benefits of model simplification include: (i) applicability in cases where detailed data
are not available, (i1) reduction in model preparation effort and time, and (iii) shorter simulation
runtimes [130]. In this study, the reductions in simulation time achieved by different
simplification methods are compared. Table 4-10 reports the average optimization runtime for
each model configuration. As expected, higher levels of zone simplification substantially
reduced runtime, decreasing from approximately 39.8 hours for the detailed model to less than
2.5 hours for the most simplified configurations. The R-value model exhibited a runtime nearly
identical to that of the detailed case, whereas the HVAC-simplified configuration required 16.8

hours, representing a notable reduction compared to the detailed baseline. However, simulation
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runtime alone does not fully capture the total modeling effort. In practice, some of the most
resource-intensive tasks involve collecting and cleaning building data as well as developing
and calibrating the initial detailed model, particularly for large or complex buildings with many

thermal zones and systems.

Table 4-10: Percentage of Pareto-optimal solutions retrofitted with a specific option.

Detailed  One-zone Two-zone  Seven-zone Thirty-five- R-value HVAC
zone
Time 39.8 2.1 23 3 5.7 39.3 16.8

4.4 Conclusion

To the best of our knowledge, this study is the first to quantify errors resulting from common
model simplifications (zoning, material property, and HVAC) across actual, typical, extreme,
and future climate files, and to investigate whether these errors persist after retrofit
optimization under future extreme conditions. A multi-objective optimization using prNSGA-
IIT examined the influence of simplification on both prediction accuracy and retrofit solution
selection under a high-emissions scenario (RCP 8.5), considering net present value, total
energy use, and operational carbon emissions. By employing established simulation and
optimization tools, the analysis isolated the effects of model abstraction and weather
assumptions, providing practical error ranges and guidance for selecting models that balance
efficiency and reliability. The case study, a validated model of a five-story 1965 dormitory in
Ottawa, shares the massing, envelope/system configuration, and area-to-volume ratios with
typical mid-rise Canadian dwellings of the same period, thereby supporting the transferability

of findings to similar building types.

Results show that the accuracy of simplified models may vary depending on the weather file
used (actual, typical, extreme, or future climate). Highly abstracted models (one-zone) were

the most weather-sensitive, underestimating cold-season heating by 8-22% across weather
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files. In contrast, the thirty-five-zone model maintained narrower, more stable error bands
across the same inputs. All models showed increased errors during transitional months, while
highly simplified versions overestimated loads, as removing thermal mass increased diurnal
peaks and seasonal energy use. Restoring interior mass improved the one- and two-zone
variants, and assigning a high-mass envelope reduced errors in the R-value-only model. The
HVAC-simplified variant consistently underpredicted heating because it omits distribution

losses, cycling/defrost penalties, and part-load inefficiencies.

Under extreme climate conditions, simplified models displayed limitations in representing
short-term thermal dynamics and hourly heating fluctuations. The one-zone model, which
cannot represent inter-zone gradients and dynamic behavior, underestimated peak hourly
heating demand by up to 24.1%. The R-value model exhibited a dual-error pattern, with
overestimation during the morning ramp-up and underestimation at midday, primarily because
of the missing thermal mass. In contrast, mid-resolution models, such as the seven- and thirty-
five-zone variants, more closely matched detailed model behavior. These findings suggest that
since peak and hourly errors are decision-critical for grid integration and demand planning,
simplified models are useful for identifying trends, but capacity sizing and demand-response

commitments should rely on mid- to high-fidelity models.

In multi-objective retrofit optimization, simplified models altered the Pareto front, with the
one-zone model underestimating energy use and lifecycle costs by 10—15%, thereby affecting
ECM ranking and selection. The R-value model demonstrated the highest accuracy, with errors
of less than 2% for cost, energy, and emissions. In contrast, the HVAC-simplified model
underestimated energy demand by 20.7% due to unaccounted system inefficiencies. Although
simplified models are effective in capturing broad optimization trends, they can misrank
individual retrofit strategies and should be interpreted cautiously for building-level decisions.
Their strengths lie in exploratory, pre-screening, and large-scale scenario analyses, where rapid
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comparison of multiple options is needed. For final investment decisions, promising ECMs
identified by simplified models should be validated using detailed models and known error
ranges. Ultimately, the choice of simplification strategy should reflect the availability of data,
the analysis context, and project requirements. When detailed material data are available,
explicit modeling is preferable to an R-value approach. HVAC systems can often be reasonably
simplified in early or envelope-focused planning, while zoning simplifications are most reliable

when mid-resolution models are used rather than highly abstracted ones.

The results of this study can inform analyses in heating-dominated regions, such as Northern
Europe. Although the specific outcomes may not be directly applicable to countries with
climatic conditions substantially different from Canada's, the findings still provide valuable
insights across diverse contexts. Deviations in simplified models were most pronounced during
transition months, when thermal mass and system dynamics had a stronger influence.
Comparable challenges are expected in mixed or cooling-dominated climates, including those
in Southern Asia, North Africa, and other warm regions, where models must capture both
heating and cooling loads. In particular, R-value-based models may be less suitable for
cooling-dominated climates, as they neglect thermal inertia, which plays a crucial role in
moderating indoor temperatures and peak loads [135]. As climate change increases the
frequency and intensity of heatwaves, future research should also assess the ability of
simplified models to predict thermal comfort and overheating risks, especially in buildings with
low thermal mass or limited passive cooling strategies. Expanding this framework across
multiple case studies with different building types, occupancy patterns, construction
characteristics, and weather scenarios could further support statistical decision-making and risk

analysis in large-scale retrofit.
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Chapter 5: Enhancing Retrofit Optimization with ANN-Corrected

Simplified Building Energy Models

This chapter is ready to be published as:

e Article 4: Y. Dadras, F. Mostafazadeh, M. Kavgic, M. Ghobadi, Improving the
Accuracy of Simplified Building Energy Models Using Neural Networks in Retrofit

Decision-Making: Submitted to Applied Energy.

5.1 Introduction

Energy model simplification plays an important role in accelerating simulation-based
optimization, yet these abstractions often introduce prediction biases that can affect the
selection and evaluation of retrofit measures. While previous chapters examined the trade-offs
between computational efficiency and accuracy under various simplification strategies,
improving the reliability of simplified models without increasing their complexity remains a
key challenge. This chapter introduces a neural network—based adjustment method that
enhances the predictive performance of simplified models while preserving their structure. The
approach generates external corrections to hourly heating and electricity profiles and can be
integrated directly into optimization workflows. The methodology, results, and implications

for retrofit decision-making are presented in the following sections.

5.2 Methodology

This chapter employs an innovative approach to enhance the accuracy of retrofit decision-
making by integrating ANNs within an SBMO framework. Building upon methodologies
adapted from prior studies [130,136], this study uniquely addresses the challenge of aligning
simplified model outputs with actual building performance data, ensuring computational

efficiency without compromising accuracy. Multi-Layer Feedforward Neural Networks
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(MFNNs), also known as Multilayer Perceptrons (MLPs), are adopted due to their
demonstrated suitability and flexibility for building performance simulation tasks, as noted by
[75]. Their capacity to represent complex, nonlinear relationships makes them well suited for
correcting discrepancies caused by simplification. After training and validation, the ANN is
integrated into the optimization workflow to dynamically adjust the simplified model outputs,

providing a consistent and reliable foundation for evaluating energy conservation measures

(ECMs).

Figure 5-1 outlines the five key phases of the proposed methodology framework. In Phase 1,
an initial detailed energy model of the case study buildings (chapter 2, sections 2.1.2 and 2.1.3)
was developed based on audit data, establishing a baseline case with accurate energy
performance data. Phase 2 involved creating simplified models using three techniques: thermal
zoning abstraction, HVAC idealization, and material property adjustments (chapter 2, section
2.2). Phase 3 involved training and evaluating the MFNN using hourly data from the simplified
model, including electricity and natural gas consumption, along with weather inputs such as
temperature, global horizontal irradiance, relative humidity, and wind speed. The detailed
model’s hourly energy consumption served as the target output for network learning. Phase 4
defined the environmental and economic objectives, specifically minimizing total energy
consumption (EC), net present value (NPV), and carbon emissions (CE), and introduced
decision variables into the baseline model to create a parametric model. Finally, in Phase 5, the
trained and validated ANN was integrated into the multi-objective optimization algorithm
(prNSGA-III) to refine the simplified model outputs during the evaluation of retrofit scenarios.
This integration enabled the identification of Pareto-optimal solutions while maintaining a
balance between accuracy and computational efficiency and accounting for uncertainties
inherent in simplified model predictions. Through this methodology, the study enhances the

reliability of simplified models and provides a pathway for their practical application in large-
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scale, computationally intensive retrofit decision-making scenarios. The case study follows the
methodology described in Sections 2.1.2 and 2.1.3; the building simplification methods align

with Section 2.2; and the weather generation approach corresponds to Section 4.2.1.1.
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Figure 5-1: Methodology framework (Chapter 5).
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5.2.1 Artificial Neural Network

Artificial Neural Networks (ANNs) were used in this study to improve the predictive accuracy
of simplified building energy models by learning the nonlinear relationships between
simplified model’s outputs, weather conditions, and the corresponding detailed model results.
Consistent with the formulation presented by Haykin [137], an ANN comprises interconnected
processing units arranged in layers and trained to approximate complex functional

relationships.

The ANN architecture adopted in this work is a multilayer feedforward neural network
(MFNN), also referred to as a multilayer perceptron (MLP) (see Figure 5-2). This network type
is widely used in surrogate modeling and energy prediction tasks due to its universal
approximation capability [138]. The MFNN implemented here consists of an input layer, two
fully connected hidden layers with eight neurons each, and an output layer, with tanh activation
functions applied in the hidden layers to capture nonlinear patterns. The output layer uses a

linear activation, appropriate for continuous regression targets.

Separate networks were trained for electricity and natural gas, reflecting their distinct patterns
and weather sensitivities. For each ANN, the input vector included the hourly simplified model
output and four weather variables (dry-bulb temperature, relative humidity, global horizontal
irradiance, and wind speed). All training data were based on hourly data from 2018, ensuring
consistent temporal alignment across simplified, detailed simulations, and weather inputs. The

target variable for each network was the corresponding hourly output from the detailed model.

The datasets were randomly partitioned into 70% training, 15% validation, and 15% testing
subsets, ensuring robust generalization while preventing overfitting. Both models were trained

with the Adam optimizer for 50 epochs, using a mini-batch size of 128. Training progress was
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monitored via validation loss, and training was terminated when performance plateaued,

preventing unnecessary iterations.

The MATLAB Deep Learning Toolbox was used to implement the network, and the trained
models, along with their normalization parameters, were saved for integration into the
optimization framework [139]. The performance of each ANN was evaluated using common
regression metrics, namely Mean Squared Error (MSE), Root Mean Squared Error (RMSE),

and the coefficient of determination (R?), defined as:

MSE =~ YL, (y; — §)? Equation 5-1

RMSE = \/%Z?zl(yi —9)? Equation 5-2

2 _ 4 _ LO0i=9? ) i
R =1 e Equation 5-3
Where y is the predicted value of y, and ¥ is the mean value of'y.

This ANN configuration provides a balance between computational efficiency and predictive
capability, enabling effective correction of simplified model outputs without altering the

physical structure of the underlying energy model.
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Figure 5-2: MFNN architecture and training workflow used for correcting simplified model outputs.
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5.2.2 Objective Functions

This chapter integrates environmental and economic objectives to evaluate energy retrofit
scenarios. Environmental performance is assessed by minimizing total operational energy
consumption (EC) and life cycle carbon emissions (CE), while economic feasibility is
evaluated through Life Cycle Cost (LCC) over a 55-year service life (2025-2080)
[77,78,80,81,83,90,92,112]. The study defines EC as the total annual input of electricity and
natural gas. CE is derived by applying the National Research Council Canada's conversion
factors of 0.185 kg CO2/kWh (natural gas) and 0.0579 kg CO2/kWh (electricity) [113]. These
operational emissions are combined with embodied carbon values derived from Athena to
account for cradle-to-grave impacts, ensuring that both operational and material-related
emissions are represented in the assessment [140]. Energy simulations are conducted in
EnergyPlus using TMY weather files. The total environmental impact is expressed in

Equations 5-4 and 5-5.
EC =Y(EC; +GC) Equation 5-4
CE = Y1 (EC; - EFgec + GC; - EFyq5) + ECO, Equation 5-5

where EC; and GC; are electricity and natural gas consumption in year i, and EF,ec and EFy 4

are the emission factors for electricity and natural gas, respectively and ECO, is the embodied

carbon.

To determine the economic viability of the interventions, the study calculates the Life Cycle
Cost (LCC) over 55 years, from 2025 to 2080. This calculation combines the upfront retrofit
investment with the net present value of projected energy expenditures. A constant-dollar
approach is employed, using a real discount rate to account for economic changes independent

of general inflation. The LCC is defined using Equation 5-6.

LCC =1+ %;(Ef*°.q}. Cotec + EP ™. q;. Cgas) Equation 5-6

111



where 1 is the initial investment cost of retrofit measures, E jelec and Ejg “represent the estimated
annual electricity and gas consumption (in kWh/year) for decade j, g; is the present value factor
for decade j, and Cgpec and Cyq are the base-year (2025) unit costs of electricity and natural
gas, respectively. The present value factor g; discounts a stream of escalating annual costs over

55 years is calculated using the Modified Uniform Present Value (UPV*) represented in section

4.2.2.

5.2.3 ANN- Integrated Multi-Objective Optimization

The multi-objective optimization framework is designed to assess and improve the accuracy
and computational efficiency of simplified building energy models, while simultaneously
identifying optimal retrofit ECMs. The approach integrates trained ANNSs into the optimization
process, enhancing the accuracy of simplified models’ predictions for retrofit scenarios and
enabling an efficient exploration of the decision space. The optimization focused on
minimizing EC, CE, and NPV while ensuring that the selected retrofit strategies improve
energy efficiency compared to the baseline case (EC < ECy). In this regard, a modified version
of the NSGA-III algorithm, prNSGA-III [52], was employed due to its robustness in solving

multi-objective optimization problems.

In this implementation, prNSGA-III was implemented in MATLAB, and the trained neural
networks were incorporated directly into the evaluation of each candidate retrofit solution. The
optimization begins by generating a population of decision vectors, which are passed to a
communication module that automatically updates the parametric EnergyPlus model and
produces the corresponding input files (.idf). EnergyPlus simulations are then run to obtain

hourly simplified-model predictions of natural gas and electricity consumption.

Immediately after each simulation, the trained ANNs are invoked to adjust these simplified

predictions. For every candidate solution, the simplified hourly outputs and concurrent weather
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variables are fed into the trained electricity and natural gas networks. The networks return
adjusted energy-use values that approximate the detailed model’s response without requiring a
full simulation. MATLAB then uses the ANN-adjusted outputs to evaluate the environmental

and economic objective functions, rather than relying on the raw simplified results.

prNSGA-III iteratively refines the population by evaluating each solution with this ANN-
enhanced prediction workflow until the termination criterion, defined as the maximum number
of generations, is reached. The outcome is a Pareto front of optimal retrofit solutions, with
trade-offs evaluated using ANN-adjusted performance estimates. This workflow enhances the
accuracy and stability of the optimization process while preserving the computational

efficiency gained from model simplification.

The genetic algorithm was configured with a population size of 50 individuals. Based on
recommendations from prior literature [127-129], the crossover and mutation rates were set to
0.4 and 0.7, respectively. These parameters were selected to achieve an optimal trade-off
between thorough exploration of the search space and computational efficiency. All simulations
were conducted on a workstation equipped with an Intel Core 19 processor (2.60 GHz, 24 MB

cache).

5.2.4 Evaluation Framework for Simplified Models

The dormitory building was represented using several abstraction levels derived from the
methodological foundations in Chapter 2. These included reductions in spatial resolution
through zoning aggregation (A21—A24), the replacement of detailed HVAC configurations with
an idealized representation (B21), and simplified envelope constructions that retain only overall
thermal resistance (Cz1). Because the dormitory is a large, highly zoned, and computationally
intensive model, these abstraction levels were essential for reducing simulation time while

maintaining the inputs required for retrofit analysis. In contrast, the single-family house, which
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is considerably smaller and less complex, served as a complementary case to examine how
simplification affects buildings with minimal functional diversity. Together, these models
provide a balanced basis for evaluating the trade-offs between accuracy and efficiency across

different simplification strategies.

To investigate how these simplifications influence retrofit decision-making, the optimization
process was executed using the ANN-adjusted simplified model rather than the raw simplified
outputs. The trained ANN generated adjusted hourly predictions of natural gas and electricity
for each candidate solution, and these adjusted values were used to compute the environmental
and economic objective functions. The retrofit measures evaluated during optimization
correspond to the ECMs listed in Table 4-2, which include options for improving envelope
insulation, upgrading window systems, and adding cooling capacity where appropriate. After
identifying the optimal ECM sets, the selected measures were re-simulated using the detailed
model. This post-processing step enabled a direct comparison among simplified, ANN-
adjusted, and detailed predictions over the 55-year evaluation horizon, with deviations

quantified using Equation 4-8.

5.3 Results and Discussion

5.3.1 Impact of Building Complexity on Simplification Errors

In large and mechanically complex buildings, model simplification can introduce substantial
inaccuracies because diverse zone functions, heterogeneous internal loads, and intricate HVAC
interactions influence thermal behavior. This effect was clearly observed in Case Study 2, the
dormitory building, where reductions in spatial resolution, zone aggregation, and HVAC
idealization introduced noticeable deviations in hourly, monthly, and annual predictions of
natural gas and electricity consumption, as illustrated in Figures 5-3 and 5-4. As shown in

Section 4.3, these deviations propagated directly into the retrofit optimization process, since
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the objective functions are calculated from energy consumption metrics. Consequently,
simplification affected not only the predicted performance of candidate retrofit packages but

also the selection of optimal energy conservation measures.

The behavior of the R-value-based material simplification used in case study 1 provides
additional insight into the effects of reducing envelope detail. In this approach, all envelope
assemblies were replaced with massless layers that preserve only the overall thermal resistance.
While this approach substantially reduces modelling complexity, it removes the building’s
thermal storage capacity. As shown in [136], the annual predictions remain generally consistent
with the detailed model; however, the hourly load profile exhibits clear deviations because the
simplified construction cannot buffer heat or moderate fluctuations in outdoor conditions. This
behaviour is evident in Figure 5-5, where the R-value model produces elevated heating demand

across most hours and exhibits a steeper response during peak heating periods.

These discrepancies arise from the lack of thermal inertia. Since massless layers cannot store
or release heat, the model responds immediately to changes in temperature. This creates two
characteristic effects. First, during early-morning and peak-load hours, the simplified model
overestimates natural gas demand because it assumes that all heating must be supplied
instantaneously to meet the indoor setpoint. Second, during midday and shoulder-season hours,
the simplified model fails to capture the delayed heat-release behaviour typical of real, massive
constructions. As highlighted by Kosny [132], buildings with appreciable thermal mass cool
down more slowly during setback periods and exhibit a smoother, shifted heating profile—

patterns that the R-value model cannot reproduce.

To address these limitations, a hybrid material correction method was applied. Instead of
reintroducing full, multi-layer constructions, a hypothetical material was defined that maintains

the same overall R-value but includes realistic density and heat capacity parameters
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representative of the dominant mass in the actual assembly. Assigning this material to the
envelope reinstates thermal storage effects while preserving the simplicity that makes the R-
value approach attractive for early-stage modelling. As shown in Figure 5-5, the hybrid model
substantially improves agreement with the detailed hourly profile, reduces peak-time
overestimation, and more accurately reflects the diurnal variation in heating demand.
Furthermore, this adjustment reduced the annual energy deviation. The original R-value model
differed from the detailed model by 5.3%, while the hybrid configuration reduced this

difference to only 0.73%.
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Figure 5-3: Monthly electricity consumption comparison between detailed and simplified models in

the dormitory building.
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Figure 5-4: Monthly natural gas consumption comparison between detailed and zone-simplified

models in the dormitory building.
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Figure 5-5: Hourly natural gas consumption comparison across detailed, R-value, and Hybrid R-value

simplified models during extreme cold conditions (Jan 6, 2018).

The single-family house, characterized by minimal functional diversity and a simple thermal
configuration, showed only minor differences between the zone-simplified and detailed models
(see Figures 5-6 and 5-7). The annual electricity consumption obtained from the detailed model
was 2,204 kWh in 2022, and the corresponding zone-simplified model produced a value that
was only 2.4% lower. Natural gas use followed the same pattern. The detailed model predicted

an annual demand of 56,684 kWh, whereas the simplified configuration yielded a result
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approximately 6% lower. These differences remain relatively small and fall within acceptable
calibration thresholds for residential buildings with uniform thermal behavior. Part of this
discrepancy can be attributed to thermophysical mechanisms identified in prior research.
Previous studies [15,73] demonstrated that simplified models tend to underestimate heating
energy use, particularly during colder months. When spatial resolution is reduced, internal
surfaces experience elevated convective heat gains, which increases the effective convection
coefficient. This strengthens heat transfer to the envelope and heightens conductive losses to
the outdoor environment. As a result, heating demand in simplified models is underestimated
relative to more detailed zoning configurations. Moreover, statistical indicators aligned with
the observed level of consistency between the two models. The CV(RMSE) was 11.35% for
natural gas and 3.6% for electricity, and the NMBE values were 6% for natural gas and 2.3%
for electricity. These results indicate that the simplified one-zone model accurately represents

the thermal behavior of small residential buildings.

Because of this close agreement, the single-family house does not require adjustment of the
artificial neural network for the simplified zoning and envelope configurations, and these
models can be used directly in the optimization process without reducing result quality. The
HVAC simplified configuration, however, behaves differently as shown in Figures 4-5 and 5-
5. Idealizing the mechanical system results in noticeably larger deviations in natural gas and
electricity consumption, leading to greater discrepancies in the objective function values
compared to the detailed model. This systematic underestimation indicates that the simplified
HVAC representation omits key aspects of system behaviour that influence heating and
electricity demand. As a result, the HVAC simplified model requires an ANN adjustment to

achieve reliable predictions and restore consistency with the detailed benchmark.

Overall, these results demonstrate that the requirement for ANN adjustment is directly

correlated with building typology and system complexity. In the case of the dormitory, the
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combination of a large floor area, diverse internal loads, and intricate mechanical systems
necessitates ANN correction for all investigated simplification strategies, excluding the R-
value modification. However, the single-family house remains accurate under zoning and
thermal resistance simplifications, requiring correction only when the HVAC system is

1dealized.
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Figure 5-6: Monthly electricity consumption comparison between detailed and simplified models in
single-family house.
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Figure 5-7: Monthly natural gas consumption comparison between detailed and zone-simplified
models in a single-family house.

These results demonstrate that the requirement for ANN correction is directly correlated with
building typology and system complexity. For the dormitory, the combination of a large floor
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area, diverse internal loads, and intricate mechanical systems necessitates ANN correction for
all investigated simplification strategies, except for the R-value modification. However, the
single-family house remains accurate under zoning and thermal resistance simplifications,

requiring correction only when the HVAC system is idealized.

5.3.2 ANN Training Performance

The artificial neural networks developed for the dormitory building were trained using the
hourly 2018 dataset, which included simplified model outputs and four exogenous weather
variables (dry-bulb temperature, relative humidity, global horizontal irradiance, and wind
speed). The dataset was randomly divided into 70% for training, 15% for validation, and 15%
testing to ensure robust generalization and avoid overfitting. Separate networks were trained

for electricity and natural gas, each using the MFNN architecture described in Section 5.2.

The performance metrics for electricity and natural gas prediction are presented in Tables 5-1
and 5-2, respectively. The results demonstrate that the ANN models learned the relationships
between simplified outputs, weather drivers, and detailed model energy use with high accuracy
across all simplification levels. For the thirty-five-zone model, which has the highest physical
fidelity among the simplified configurations, RMSE values were approximately 4.2 kWh for
the training set, 4.1 kWh for the validation set, and 4.4 kWh for the test set. These errors are
small relative to the detailed model’s hourly natural gas load, which ranges from 34 to 273
kWh during colder months, with a colder-month mean of 149 kWh. Corresponding MSE values
(17.4,17.2, and 19.1 kWh?) reflect the squared magnitude of these deviations. R? values were
greater than 0.996 for all data subsets, indicating that more than 99% of the variance in the

detailed model was captured.

As model abstraction increased, errors rose moderately but remained within acceptable bounds.

For the seven-zone and two-zone models, RMSE values ranged from 5.2 to 5.8 kWh, with R?
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values near 0.995. Even for the more reduced one-zone configuration, the RMSE remained
between 7.6 and 8.1 kWh, with R? values greater than 0.988. The HVAC-simplified model
showed slightly higher errors, with RMSE values of 8.5-9.1 kWh, yet the R? values still
exceeded 0.985, confirming reliable predictive capability. Overall, the results confirm that the
MFNN architecture effectively captures the nonlinear relationships between simplified model
outputs, weather inputs, and the detailed model’s hourly energy use.

Table 5-1: Performance of ANN models for electricity prediction across different model
simplifications using MSE, RMSE, and R2.

Train Validation Test
MSE RMSE MSE RMSE MSE RMSE
RZ RZ R2
[kWh]>  [kWh] [kWh]>  [kWh] [kWh]>  [kWh]

Thirty-five zone  0.0526  0.2294  0.9991  0.0555 0.2356  0.9990 0.0441  0.2100  0.9992

Seven zone 0.0448  0.2117 09992  0.0417 0.2041 09993  0.0465 0.2155 0.9991

Two zone 0.0566  0.2379  0.9990 0.0607 0.2463 09980  0.0647 0.2543  0.9989
One zone 0.0404  0.2009 0.9993  0.0394 0.1986 0.9993  0.0388  0.1969  0.9993
HVAC 0.0859  0.2931 0.9985 0.0833 0.2886 0.9985 0.0839 0.2897  0.9986

Table 5-2: Performance of ANN models for natural gas prediction across different model
simplifications using MSE, RMSE, and R2.

Train Validation Test
MSE RMSE MSE RMSE MSE RMSE
R? R? R?
[kWh]>  [kWh] [kWh]>  [kWh] [kWh]>  [kWh]

Thirty-five zone  17.4299 4.1749  0.9968 17.2136 4.1489  0.9970 19.1255 4.3733  0.9968

Seven zone 28.0199 52934 09950 283253 53222 0.9949 26.8195 5.1788  0.9951

Two zone 31.0045 55682  0.9945 289333 53790 0.9948 33.0936 5.7527  0.9942

One zone 64.8338 8.0519 09885 60.2864 7.7644 09888 58.2982 7.6353  0.9897

HVAC 75.7736  8.7048 0.865  72.0057 8.4856  0.9872 82.1292 9.0625  0.9856
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5.3.3 Accuracy Improvement of Monthly Predictions in ANN-Corrected Models

The influence of the ANN-adjustment on monthly outputs was assessed by examining two
representative retrofit solutions: the configuration yielding the lowest life-cycle cost
(economic-optimal case) and the configuration minimizing life-cycle carbon emissions and
total energy use (environmental-optimal case). For each of the five simplified dormitory
models, monthly natural gas and electricity loads were compared across three datasets: raw
simplified outputs, ANN-adjusted predictions, and detailed-model results, as illustrated in

Figure 5-8. Accuracy was evaluated using monthly CV(RMSE) and NMBE values.

The results show a consistent and substantial improvement once the ANN adjustments are
applied. Table 5-3 summarizes the monthly CV(RMSE) and NMBE for natural gas across all
models and both retrofit solutions. In the economic-optimal case, the raw simplified models
exhibited CV(RMSE) values ranging from 14.6% to 34%, depending on the level of
abstraction, with NMBE values as high as 27.47% in the HVAC simplified model. After
applying the ANN-adjustment, the errors dropped dramatically across all models. The thirty-
five-zone case’s CV(RMSE) improved from 14.6% raw to 0.34% adjusted, and similar trends
were observed across other simplifications, such as the one-zone model where CV(RMSE) fell
from 18.30% to 10.69% and NMBE decreased from 13.07% to -7.78%. The HVAC-simplified
configuration showed the most pronounced correction, with CV(RMSE) decreasing from 34%

raw to 5.3% adjusted.

A similar pattern appeared in the environmental-optimal case. Raw simplified predictions
produced CV(RMSE) values between 18.5% and 30.95%, with NMBE values ranging from
13.8% to 25.08%, indicating both substantial random error and pronounced bias. After ANN-
adjustments, monthly CV(RMSE) values dropped from 18.8 to 1.39% for the thirty-five-zone

model and from 30.95% to 3.77% for the HVAC model. NMBE values also enhanced, with
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improvements such as 15.18% raw to 0.98% adjusted for the thirty-five-zone model and

25.08% raw to -2.39% adjusted for the HVAC model.

These corrections demonstrate several key outcomes. First, the ANN effectively captured

nonlinear interactions between retrofit-driven changes, outdoor conditions, and the detailed

thermal response of the building, relationships that simplified physics-based models alone

cannot reproduce. Second, accuracy improvements were strongest for highly abstracted

models, indicating that the ANN provides the greatest benefit where simplification removes

essential thermal or operational dynamics. Overall, the ANN serves as an effective correction

layer that substantially enhances hourly and monthly accuracy across all simplified

configurations. This improved fidelity forms a more reliable basis for annual calculations and

objective-function evaluations within the optimization process.

Table 5-3: Monthly CV(RMSE) and NMBE [%] of natural gas consumption for ANN-adjusted and
raw simplified models at the minimum-cost and minimum-environmental-impact Pareto-optimal

solutions.
Min cost Min environmental impact
CV(RMSE) NMBE CV(RMSE) NMBE
Adjusted Raw Adjusted Raw Adjusted Raw Adjusted  Raw
Thirty-five zone 0.60% 3.82% -0.14% 3.81% 0.64% 3.69%  -027%  3.69%
Seven zone 0.64% 0.03% -0.25% 2.8% 0.68% 3.24% 0.03% 3.14%
Two zone 0.74% 3.01% -0.50% 2.74% 0.90% 3.17% -0.2% 3.06%
One zone 0.80% 3.94% -0.62% 3.93% 0.81% 398%  -0.58%  3.97%
HVAC 0.71% 4.07% -0.64% 4.07% 0.49% 431%  -039%  4.31%
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Figure 5-8: Monthly natural gas consumption [kWh] comparison between the detailed, ANN-adjusted,
and raw simplified models at the minimum-cost and minimum-environmental-impact Pareto-optimal
solutions.

Although the ANN-adjustment has the greatest impact on natural gas predictions due to the
dominance of heating in the dormitory’s annual energy profile, electricity consumption also
benefits from the adjustment. Since the building has no mechanical cooling and uses natural
gas for space heating, monthly electricity demand is primarily driven by lighting, plug loads,

and the HVAC supply fan. These end uses exhibit limited seasonal variation, and retrofit

measures do not substantially alter their temporal pattern. Consequently, the raw simplified
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models already achieved low monthly CV(RMSE) and NMBE values that fall within ASHRAE

Guideline 14 thresholds [69].

Even with this relatively uniform load profile, integrating the ANN further reduced residual
bias and improved the monthly agreement with the detailed model across all simplification
levels. The magnitude of improvement is smaller than that observed for natural gas, but the
adjustment nonetheless enhances consistency in the simplified models and reduces systematic
deviation, strengthening the reliability of subsequent objective-function evaluations in the
optimization framework. The performance metrics for electricity across the minimum-cost and

minimum-environmental-impact solutions are summarized in Table 5-4.

Table 5-4: Monthly CV(RMSE) and NMBE [%] of electricity consumption for ANN-corrected and
raw simplified models at the minimum-cost and minimum-environmental-impact Pareto-optimal

solutions.
Min cost Min environmental impact
CV(RMSE) NMBE CV(RMSE) NMBE
Adjusted Raw Adjusted Raw Adjusted Raw Adjusted  Raw
Thirty-five zone 0.60 3.82 -0.14 3.81 0.64 3.69 -0.27 3.69
Seven zone 0.64 0.03 -0.25 2.80 0.68 3.24 0.03 3.14
Two zone 0.74 3.01 -0.50 2.74 0.90 3.17 -0.20 3.06
One zone 0.80 3.94 -0.62 3.93 0.81 3.98 -0.58 3.97
HVAC 0.71 4.07 -0.64 4.07 0.49 431 -0.39 4.31

5.3.4 Accuracy Improvement of Objective-Function Predictions in ANN-Corrected Models

5.3.3.1 Objective-Function Accuracy in the Dormitory Building

The improvement in hourly accuracy achieved through the ANN directly enhanced the
reliability of the three objective functions used in the optimization framework: annual energy
consumption (EC), carbon emissions (CE), and net present value (NPV). Since EC and CE are
derived from annualized electricity and natural gas use, and NPV incorporates these annual
totals into a 55-year financial projection, any systematic hourly bias in the simplified models

propagates into the long-term performance indicators. Table 5-5 summarizes the average
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absolute relative errors in the objective functions for both the ANN-adjusted and raw simplified
models across all simplification levels, relative to the detailed model’s values at the Pareto-

optimal solutions.

Across all cases, the ANN substantially reduced the error magnitudes for NPV, EC, and CE. In
the most detailed configuration (thirty-five-zone model), raw errors ranged from 6.9% to
13.12% across objectives. After ANN adjustment, these errors dropped to approximately 0.37-
0.44%, indicating that the corrected predictions aligned closely with the detailed model. A
similar improvement was observed in the other simplified models. Even in the more aggressive
simplifications, such as the single-zone model, the adjusted errors remained consistently below

4%, demonstrating that the ANN effectively compensated for the loss of spatial detail.

The HVAC-simplified case showed the largest discrepancies before adjustment, with raw errors
reaching 22.74% for EC, 24.89% for CE, and 10.91% for NPV. These high values reflect the
substantial impact of oversimplifying HVAC system behavior on predicted heating loads and
associated energy use. After applying the ANN adjustment, errors decreased to below 4% for
all objectives, demonstrating the network’s effectiveness in capturing and correcting the

systematic biases introduced by the idealized HVAC assumptions.

Overall, ANN adjustment reduced error magnitudes by roughly 70-95% relative to the raw
simplified outputs, and this improvement was consistent across all simplification levels. Before
adjustment, the simplified models systematically underestimated energy use, leading to lower
EC and CE values and distorted financial projections. The ANN correction resolved these
biases by learning the systematic errors associated with each simplification strategy and
applying adjustments to the hourly predictions. After modification, annual EC, CE, and NPV
estimates aligned closely with the detailed model, and the remaining errors were small, stable,

and insensitive to the degree of simplification. This consistency indicates that the ANN not

127



only enhances accuracy but also preserves the relative performance of candidate retrofit

solutions.

Table 5-5: Average absolute relative [%] for NPV, EC, and CE from ANN-adjusted and raw simplified
models across different simplification levels over the building’s 55-year life span.

NPV EC CE
Adjusted Raw Adjusted Raw Adjusted Raw
Thirty-five zone 0.39 6.9 0.37 12.17 0.44 13.12
Seven zone 1.31 6.32 3.23 12.39 3.66 13.52
Two zone 1.01 6.02 2.95 11.29 3.25 12.04
One zone 1.59 8.07 33 12.14 3.63 13.05
HVAC 1.53 10.91 3.22 22.74 3.52 24.89

The Pareto-front comparisons highlight how the ANN-integrated optimization framework
improved the quality and consistency of retrofit solutions across the various simplification
levels of the dormitory building, as illustrated in Figure 5-9. In all configurations, the raw
simplified models produced Pareto fronts that were systematically shifted downward along the
energy axis. This reflects the underprediction of total energy consumption observed in the raw
simplified hourly outputs, leading to overly optimistic trade-offs between NPV and energy use.
After applying the ANN adjustment, the Pareto fronts realigned more closely with the detailed
reference. In the thirty-five-zone model, where the physical representation is already relatively
rich, the ANN-adjusted solutions nearly overlapped with the detailed model. The correction
reduced the small residual bias that persisted in the raw results and restored the characteristic

curvature of the cost-energy trade-off.

The improvements were most pronounced in the two-zone, one-zone, and HVAC-simplified
models, where the raw Pareto fronts were compressed, shifted, and often distorted,
misrepresenting both achievable energy savings and the relative performance of retrofit
options. Idealizing the HVAC system produced the largest deviations, with raw fronts showing

unrealistically low energy use and an incorrect overall shape. After ANN adjustment, the
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corrected fronts regained an appropriate slope and structure, shifted upward, and formed

clusters that closely followed the detailed model’s trajectory.

Across all cases, the ANN improved absolute accuracy and restored the structure of the Pareto
fronts. The corrected fronts reproduced the curvature, spread, and clustering of the detailed
model, indicating that the ANN preserved both the magnitude and direction of trade-offs among
retrofit options. This alignment is essential, as multi-objective optimization depends on
accurate objective values and correct relationships among competing solutions. By recovering
these patterns, the ANN allows simplified models to emulate the optimization behavior of the
detailed simulation while maintaining their computational efficiency.

Thirty-five-zone model

45000

41000 vy

37000 e R
u @ Adjusted Simplified
33000 \ ADetailed

29000 BMRaw Simplified

25000
1500 1700 1900 2100 2300 2500

NPV [CAD] *10°

Total energy consumption [MWh]

Seven-zone model

45000

41000 4 2
37000 w g 'Y m ° _ o
A @ Adjusted Simplified

33000 ﬁ-\ A Detailed

]
29000 WRaw Simplified
25000

1500 1700 1900 2100 2300 2500
NPV [CAD] *103

Total energy consumption [MWh]

129



Two-zone model

25000
1500 1700 1900 2100 2300 2500

NPV [CAD] *10°

45000
=
41000 o o
=) Ay .
o
S 37000 A S ey
g -
& - ~ ® Adjusted Simplified
n
% 33000 -- A Detailed
S 29000 BRaw Simplified
5
=}
[}
=
o
F

One-zone model

45000
=
=2
= 41000 m
g .
2 B ) ) @
£ 37000 Aaaa
E L T a ® Adjusted Simplified
£ n
S 33000 -
:% gy - BMRaw Simplified
5 A Detailed
2 29000 crare
=
£ 25000

1500 1700 1900 2100 2300 2500
NPV [CAD] *10?
HVAC simplified model

__ 45000
=
=
S 41000
: -
S 37000 .
=9 ®
£ Aasay a ® Adjusted Simplified
£ 33000 ADetailed
Q
o L
%1) 29000 ‘ BMRaw Simplified
= S -
S 25000
2 1500 1700 1900 2100 2300 2500

NPV [CAD] *10°

Figure 5-9: Comparison of Pareto-optimal NPV—energy trade-offs across detailed, raw simplified, and
ANN-adjusted models.
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5.3.4.2 Objective-Function Accuracy in the Single-Family House

As discussed previously, the single-family house’s small size, uniform occupancy, and limited
internal-load diversity reduce its sensitivity to zoning and material simplifications.
Consequently, the Pareto-optimal solutions obtained from the simplified zone and material
configurations closely align with those produced by the detailed model. However, the HVAC

simplification introduced discrepancies that necessitated ANN-based modification.

Table 5-6 summarizes the average absolute relative errors for NPV, EC, CE, natural gas, and
electricity consumption. The one-zone model shows low deviations, all below 5%. NPV differs
by 2.22%, and EC and CE differ by 4.46% and 4.50%. Natural gas and electricity use also
remain close to the detailed results, indicating that the simplified configuration captures the
building’s thermal behavior well enough for dependable comparison of retrofit options.
Moreover, R-value simplified model shows small, and consistent deviations across all
objectives. NPV differs by 2.12%, while EC and CE differ by 5.74% and 5.77%. Natural gas
consumption is approximately 6.01% higher than the detailed model, and electricity differs by

0.68%.

Idealizing the HVAC system eliminates fan energy and distribution-related loads, leading to
simplified predictions that underestimate energy use and result in large deviations in NPV, EC,
CE, and fuel consumption. The magnitude of these discrepancies far exceeds those observed
in the one-zone and R-value configurations, as reflected in the raw simplified HVAC errors that

reach 18.63% for NPV, roughly 45% for EC and CE, and more than 47% for natural gas.

Applying ANN adjustment substantially reduces these errors, shifting the HVAC-simplified
results toward the detailed model and restoring a coherent Pareto front. After correction,

deviations drop to approximately 2% for NPV and 4% to 4.5% for EC, CE, and natural gas,
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indicating that the ANN successfully recovers the missing system effects that were excluded in

the idealized configuration.

Table 5-6: Average absolute relative errors [%] for NPV, EC, CE, natural gas, and electricity use
comparing simplified and detailed models over the 55-year evaluation period.

HVAC
One-zone R-value ]

Adjusted Raw
NPV 2.22 2.12 1.95 18.63
EC 4.46 5.74 4.35 45.38
CE 4.50 5.77 4.26 45.64
Natural gas 4.61 6.01 4.35 47.29
Electricity 1.41 0.68 4.29 9.11

5.3.5 Sensitivity Analysis of Economic Assumptions for LCC

A sensitivity analysis was completed to quantify how uncertainty in long term economic inputs
influences the life cycle cost (LCC) conclusions for the single family house retrofit solutions.
Results are reported for both model representations, the detailed multi zone model and the
simplified one zone model. The objective is checking whether the economic interpretation of
the Pareto optimal retrofit set remains stable under plausible variations in discounting and
energy market assumptions, while staying consistent with the constant dollar LCC framework

used in this study.

5.3.5.1 LCC Formulation and Parameters Examined

The LCC was evaluated over a 55 year period (2025 to 2080) as the sum of the initial retrofit
investment and the present value of future electricity and natural gas expenditures. Discounting
and escalation were handled through the Modified Uniform Present Value factor (UPV*), using
Equations 4-5 to 4-7. The sensitivity analysis targeted the parameters that directly affect the

present value factor:
o Inflation rate, e

e Nominal discount rate, d,
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o Real discount rate, d,, calculated from d, and e using Equation 4-7

o Real energy price escalation rate, g

Since the analysis is performed in constant dollars, discounting is applied using the real
discount rate and escalation is applied using a real escalation rate. When e or d, changes, d, is
recomputed using Equation 4-7 in order to preserve internal consistency between nominal and

real assumptions.

5.3.5.2 Ranges Used in Sensitivity Tests

Inflation rate (e). Inflation was varied within the Bank of Canada inflation control target band,
which has a 2% midpoint and a control range from 1% to 3% [141].
Three values were examined: 1.0% , 2.5% as the base assumption, and 3.0%. When inflation

was varied, the real discount rate was recalculated using Equation 4-7.

Nominal discount rate (d,) and implied real discount rate (d,). Discounting sensitivity was
implemented by varying d, and recomputing d, using Equation 4-7 while holding e constant.
This avoids double counting inflation effects and maintains a consistent constant dollar
formulation. The nominal discount values tested were 3.0%, 3.29% as the base assumption,
4.0%, and 5.0%, which provide a practical bracket for residential and public style long horizon
evaluations in which discounting is often tested through alternative plausible rates rather than
a single fixed value. Federal guidance on cost benefit analysis emphasizes the importance of
discounting assumptions and supports sensitivity testing when results depend on long run

valuation of costs and benefits [142].

A low real discounting perspective is also actively used in Canadian regulatory impact analysis
for long horizon environmental and economic impacts. The Regulatory Impact Analysis

Statement for the proposed Oil and Gas Sector Greenhouse Gas Emissions Cap Regulations
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reports a social discount rate of 2% per year, illustrating current Canadian regulatory practice

applying low social discount rates for long horizon evaluations [143].

Energy price escalation (g). Energy price uncertainty was represented by varying the real
escalation rate g across three scenarios: 0.0%, 0.5% as the base assumption, and 2.0%. These
bounds span outcomes from flat real energy prices to moderately increasing real prices.
A uniform g was applied across the evaluation period using the UPV* formulation to keep the

sensitivity design interpretable and aligned with the LCC equations used in the main analysis.

5.3.5.3 Sensitivity Design and Implementation

A one at a time sensitivity design was used. Each parameter was varied independently while
all other inputs were held at base values. For each variation, the UPV* factor and total LCC
were recalculated using Equations 4-5 to 4-7. Post processing was performed on the Pareto
optimal solutions obtained from the baseline optimization, rather than rerunning NSGA-III for
each economic scenario. This isolates the impact of economic assumptions on LCC values and

avoids confounding effects from optimization stochasticity or changes in convergence.

5.3.5.4 Key Findings from the Sensitivity Results

Across the Pareto-optimal solution set, variations in economic assumptions led to systematic
and monotonic changes in life-cycle cost (LCC) for both the simplified one-zone model and
the detailed multi-zone model. While absolute LCC values were sensitive to the assumed
economic parameters, the relative structure of the Pareto-optimal solutions was preserved,

indicating consistent comparative behavior across scenarios.

Inflation sensitivity. Varying the inflation rate within the tested range produced a clear and
asymmetric impact on LCC. Reducing inflation from the base value of 2.5% to 1.0% resulted
in a substantial decrease in LCC, with an average reduction of approximately 16.6% for the

simplified model and 16.9% for the detailed model across the Pareto set. Individual solutions
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exhibited reductions ranging from approximately 10% to 27%, indicating a strong dependence

of long-term discounted costs on inflation assumptions.

Conversely, increasing inflation from 2.5% to 3.0% increased LCC by an average of
approximately 7.7% for the simplified model and 7.8% for the detailed model, with observed
increases ranging from about 4.6% to 12.9% across solutions. The asymmetric response reflects
the non-linear interaction between inflation and the real discount rate in the present value
formulation. Importantly, both model representations exhibited nearly identical sensitivity

magnitudes, confirming consistent inflation response behavior.

Discount rate sensitivity. Changes in the nominal discount rate, with inflation held constant,
also produced pronounced effects on LCC through the implied real discount rate. Increasing
the nominal discount rate above the base value of 3.29% consistently reduced LCC by

decreasing the present value of future operating costs.

On average, increasing the nominal discount rate to 4.0% reduced LCC by approximately 8.8%
for the simplified model and 8.9% for the detailed model, while increasing it further to 5.0%
reduced LCC by approximately 18.0% and 18.3%, respectively. Across individual Pareto
solutions, reductions ranged from roughly 11% to 30% at the highest discounting level. These
results confirm that discounting assumptions play a dominant role in shaping long-horizon

retrofit cost evaluations.

Lowering the nominal discount rate to 3.0% resulted in a moderate increase in LCC, reflecting
greater weight assigned to long-term operational energy costs. As with inflation sensitivity, the

simplified and detailed models exhibited nearly identical response patterns and magnitudes.

Energy escalation sensitivity. Energy price escalation emerged as the most influential economic

parameter affecting LCC. Reducing the real escalation rate from the base value of 0.5% to 0.0%
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resulted in a modest decrease in LCC, with an average reduction of approximately 6.4% for

the simplified model and 6.5% for the detailed model.

In contrast, increasing the real escalation rate to 2.0% produced the largest upward shifts in
LCC across all sensitivity tests. On average, LCC increased by approximately 27.4% for the
simplified model and 27.9% for the detailed model, with individual Pareto solutions showing
increases ranging from about 16.5% to over 45%. This strong response reflects the dominance
of long-term energy expenditures in the life-cycle cost of residential retrofits, particularly over

a 55-year evaluation horizon.

Again, both model representations responded almost identically to escalation changes,
reinforcing the consistency of economic sensitivity behavior between simplified and detailed

models.

5.3.5.5 Implications for Interpretation

Although sensitivity analysis is most critical in the final stages of retrofit decision making,
where absolute cost values and financial feasibility become decisive, the primary objective of
this study is the comparative evaluation of simplified and detailed energy models under
uncertainty. The sensitivity results demonstrate that both models respond in a highly consistent

manner to variations in inflation, discounting, and energy price escalation assumptions.

While economic assumptions can significantly alter absolute LCC values, they do not
materially change the relative positioning or trade-offs among Pareto-optimal retrofit solutions.
This indicates that simplified models can reliably capture the dominant economic sensitivities
of retrofit decisions and are well suited for comparative screening and uncertainty exploration

in early and intermediate stages of analysis.
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5.4 Conclusion

This chapter introduces a novel simulation-based multi-objective optimization framework that
integrates simplified building energy models with external ANN modifications, enhancing
predictive performance for retrofit decision-making while preserving the underlying physical
representation of the building. The approach combines the speed of reduced order models with
an external ANN correction layer that refines hourly energy predictions before objective
functions are calculated. ANNs were trained using hourly simplified outputs and weather
variables as inputs and detailed model results as targets, and then embedded within a prNSGA-
III optimization that minimized total energy consumption, carbon emissions, and life-cycle cost
over 55 years. Two case study buildings in Ottawa were used to assess the methodology. A five-
story dormitory with complex zoning and mechanical systems presented a challenging case
due to strong interactions among zones, schedules, and HVAC operations. A single-family
detached house with simple geometry and limited internal load diversity served as a contrasting
case with much lower complexity. For both buildings, detailed EnergyPlus models were created
and validated, then systematically simplified by aggregating thermal zones, idealizing HVAC

systems, and reducing material definitions to equivalent R-values.

Findings show that the need for ANN enhancement is closely linked to building typology and
system complexity. The dormitory, with its large footprint and heterogeneous load patterns,
required ANN-adjustment for nearly all simplification methods except the R-value
configuration. The single-family home demonstrated greater robustness, maintaining accuracy
under zoning and material simplifications and requiring adjustment only when the mechanical
system was idealized. In both buildings, simplification errors propagated through the
optimization process, distorting Pareto fronts and influencing the selection of energy

conservation measures.
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The trained ANNs achieved high predictive accuracy across all simplification levels, with R?
values exceeding 0.985 and RMSE values that remained modest relative to typical hourly loads.
Once integrated into the prNSGA-III framework, the monthly analysis of the dormitory
confirmed the ANN layer’s essential role in restoring fidelity across simplified configurations.
Raw simplified predictions produced sizeable monthly errors, especially in models with
reduced zoning resolution or idealized HVAC systems. These discrepancies were reflected in
elevated monthly CV(RMSE) and NMBE values, with the HVAC-simplified case showing
natural gas deviations exceeding 30%. Integrating the ANN significantly reduced these errors
across all abstraction levels, lowering monthly CV(RMSE) from 14.6% to 0.34% in the thirty-
five-zone model and from 34% to 5.3% in the HVAC-simplified configuration. Comparable
improvements were observed in the environmental-optimal solutions. Electricity use displayed
smaller baseline deviations due to its limited seasonal sensitivity in this heating-dominated
building, yet the ANN still reduced residual bias and stabilized performance across
simplifications. These improvements strengthen the reliability of annual energy calculations

and their contributions to life-cycle cost and carbon estimates within the optimization.

The ANN’s influence extended directly to the optimization objectives. Because annual energy
consumption, carbon emissions, and net present value are derived from aggregated hourly
loads, errors in simplified models are carried through to long-term environmental and economic
indicators. The ANN layer effectively mitigated these effects. In the thirty-five-zone model,
initial objective-function errors of 6.9-13.1% were reduced to well below 1%. Similar trends
were observed across the seven-zone, two-zone, and one-zone configurations, where adjusted
deviations remained below 4%. The HVAC-simplified case, which originally produced the
largest errors, benefited most from the ANN, with EC and CE deviations reduced from more

than 22-24% to roughly 3—4%. The correction preserved the relative ranking of retrofit
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alternatives and restored coherent Pareto fronts, ensuring that optimization outcomes remained

dependable despite substantial reductions in model detail.

The results from the single-family house results reinforce these insights. Its compact form,
uniform occupancy, and limited internal-load variation allowed the one-zone and R-value
simplified configurations to reproduce annual energy, carbon, and cost outcomes with small
deviations, all within 5%. Such performance suggests that simplified physics can reliably
support retrofit optimization in small residential buildings without ANN adjustments. HVAC
idealization, however, removed HVAC supply fan and distribution-related loads, leading to
substantial underestimation of energy use and large deviations in NPV, EC, CE, and natural gas
consumption, exceeding 45%. ANN adjustment effectively corrected these issues, reducing
objective-function errors to approximately 2% for NPV and 4-4.5% for EC, CE, and natural

gas.

Overall, the proposed framework shows that simplified models, when paired with ANN-based
adjustments, can emulate the optimization behavior of detailed simulations in complex
buildings while retaining their computational benefits. For simple residential buildings,
carefully constructed simplified models may be accurate enough for direct use, while HVAC
abstraction remains the primary source of error requiring correction. This distinction
underscores that the need for ANN enhancement depends on building typology, mechanical

complexity, and the intended use of the model.

The study also highlights several directions that warrant further exploration. Applying the
framework to additional climates and building types would broaden understanding of its
applicability. Alternative machine learning architectures, hybrid physics-data approaches, and
more explicit integration of uncertainty into the optimization process merit exploration.
Diagnostic tools that automatically assess when ANN correction is advisable would further
enhance practicality. Overall, the study establishes a structured foundation for combining
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simplified models, ANN-based adjustments, and multi-objective optimization to support fast,

reliable, and scalable retrofit planning for existing buildings.
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Chapter 6: Conclusion, limitations, and recommendations for future work

6.1 Conclusion

This thesis developed a structured framework for evaluating and improving the efficiency and
reliability of simulation-based multi-objective optimization for building retrofits. Three major

contributions were established across the research phases.

First, the work demonstrated how common simplification strategies influence predictive
accuracy and optimization outputs across three representative Canadian buildings. Results
confirmed that simplification can substantially reduce computational cost; however, its
influence on accuracy depends strongly on building complexity. Large multi-zone buildings,
such as the dormitory, exhibited notable sensitivity to zoning abstraction and HVAC
idealization, particularly in heating-dominated months. In contrast, the small single-family
house exhibited minimal sensitivity to zoning and material simplifications due to its simple
layout, more uniform internal loads, and compact envelope. These findings underline that
simplification feasibility is building-specific and that not all techniques are equally transferable

across typologies.

Second, the thesis examined whether simplification-induced errors remain consistent across
weather datasets. Results showed that simplified and detailed models do not respond uniformly
to variations in climatic conditions. Accuracy losses were more pronounced during extreme
cold events, in early fall transition months, and under climate change projections that alter the
distribution of heating and cooling loads. The study found that relying on a single weather file
to evaluate simplified models can provide misleading conclusions about their long-term
reliability. This highlights the necessity of climate-informed validation when using simplified

models for retrofit decision support.
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Third, the thesis introduced an external ANN-based adjustment method to enhance the
accuracy of simplified models without altering their physical structure. This neural network
layer effectively corrected hourly loads and objective function values across simplification
levels. Importantly, the method preserved the relative shape and structure of Pareto fronts,
ensuring that the optimization process continued to reflect realistic trade-offs. For complex
buildings, the ANN layer was essential for restoring fidelity. This scalable approach offers a
practical means to integrate simplified models into optimization tools without compromising

physical transparency.

Taken together, the outcomes of this research provide a comprehensive foundation for using
simplified models responsibly in optimization workflows. They offer guidance on selecting
simplification strategies, highlight the importance of climate-aware performance assessment,
and introduce a computationally efficient correction method that retains model interpretability.
The results support more robust, efficient, and future-ready decision-making for energy

retrofits.
6.2 Limitations and Future Work by Research Article

The limitations of this research are as follows:
Chapter 3: Article 1 (Performance analysis of simplification approaches)
Limitations:

e The findings are influenced by the characteristics of the selected case study building,
which, although representative of many mixed-use office buildings in Canada, does not
fully capture the behavior of other building types.

e The results may not generalize to buildings with fundamentally different layouts,
including residential dwellings, industrial facilities, or highly glazed commercial
structures.
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e The study evaluates only one climate region, and simplification performance may vary
under different climatic conditions or extreme weather patterns.

e Only a limited set of mechanical systems was examined; buildings with more complex
or advanced HVAC configurations may exhibit different sensitivities to simplification.

e The study does not evaluate the long-term reliability of simplification strategies under
projected future climate scenarios, where seasonal thermal loads may shift

substantially.

Future Work:

e Apply the proposed simplification framework across a broader range of building

typologies to develop more comprehensive, generalizable guidelines.

e Assess the reliability of simplification strategies under future weather projections and

climate change scenarios to support long-term, climate-resilient retrofit planning.

Chapter 4: article 2 (climate robustness of simplified models (weather-file sensitivity))

Limitations:

e The findings are based on a heating-dominated climate, which limits their direct
applicability to regions with substantially different climatic conditions, such as tropical
or arid environments.

e The analysis does not assess the ability of simplified models to capture thermal comfort
or overheating risks, which are increasingly critical as heatwaves become more frequent
under climate change.

¢ Only one building typology was examined; results may not generalize to buildings with

different operational profiles, occupancy schedules, or envelope constructions.

Future Work:
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Extend the analysis to cooling-dominated and mixed climates to evaluate how

simplification methods behave under different thermal load profiles.

Examine the performance of a simplified model during extreme heat events and assess

its ability to predict overheating, thermal comfort, and peak cooling demand.

Apply the framework across multiple building types with diverse occupancy patterns,

constructions, and mechanical systems to strengthen generalizability.

Chapter 5: Article 3 (ANN-based adjustment for simplified models)

Limitations:

Future

The framework was evaluated using a limited set of building types and climate
conditions, which may restrict the generalizability of the ANN-based correction
approach.

The approach does not explicitly incorporate uncertainty, leaving potential variations
in model predictions, ANN performance, and optimization outcomes unquantified.

No automated diagnostic mechanism is currently included to determine when ANN
adjustment is necessary or when the simplified model is sufficiently accurate on its
own.

The evaluation focused on energy performance metrics and did not assess comfort
indicators, load shifting, or system-level behavior that may also be affected by

simplification and ANN adjustment.
Work:

Apply the framework across a wider range of building types, mechanical systems, and

climatic regions to assess consistency and generalizability.
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Integrate uncertainty quantification into both the ANN predictions and the optimization

workflow to support risk-aware decision-making.

Develop diagnostic tools that automatically evaluate simplified model accuracy and

determine when ANN adjustment is beneficial or required.

Expand performance assessment to include thermal comfort, peak load behavior, and

other metrics relevant to advanced energy retrofits and operational resilience.
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Appendix
Appendix A: Survey Questionnaire
1. What is your primary role in energy modeling? *
Energy Modeler
Architect
Engineer

Other
2. How many years of experience do you have in energy modeling? *

I have no experience in energy modeling

Less than one year
1-3 years
4-6 years
7+ years

3. On average, what percentage of your total modeling time is spent on the following
tasks: *

5- 10- 25- 40- 50- 75- 90-
10% 25% 40% 50% 75% 90% 100%

Data collection

Creating geometry

Implementing the
detailed data on
the model

HVAC modeling

Addressing
simulation errors

Other

4. How important is accurate energy modeling on your projects? *

Extremely important
Somewhat important
Neutral

Somewhat not important

Extremely not important
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5. How challenging do you find the process of collecting necessary data for your energy
modeling projects? *

Extremely challenging
Somewhat challenging
Neutral

Somewhat not challenging

Not challenging

6. In which stages of your modeling process do you find data collection most
challenging? (Select all that apply) *

Geometry data

Material and construction selection

Lighting systems and equipment specification
People and operation schedule

HVAC systems specifications

Control systems

Other

7. Which software do you primarily use for energy modeling? *
EnergyPlus
eQUEST
OpenStudio

TRNSYS
DesignBuilder

IES VE (Virtual Environment)

Other

. How willing are you to use simplified models with reduced accuracy to accelerate the
simulation process? *

Very willing, even with a noticeable reduction in accuracy
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Moderately willing, with some compromise on accuracy
Slightly willing, if minimal compromise on accuracy is needed
Not willing to sacrifice accuracy for speed

9. How frequently do you use simplified models (e.g., default templates, simplified
geometry) in your energy modeling projects? *

Frequently
Occasionally
Rarely
Never

10. Please indicate which parts of your modeling process you have simplified and
estimate the percentage by which these simplifications reduced the modeling time for
each applicable part. Select all options that apply: *

5- 10- 25- 40- 50- 75- 90-
10% 25% 40% 50% 75% 90% 100%
Geometry
modeling

Material and
construction
definition

Lighting systems
and equipment
specifications

People and
operation schedule
HVAC systems
specifications
Other

11.1s there anything else you would like to share about your experiences with energy
modeling?

12.Please provide your email address (optional) if you would like to receive the survey
results or participate in follow-up research.
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Appendix B

Ectear 18 calculated using Equation B.1:

Eclear = 0.711 4+ 0.56 - Tfﬁ"’ 0.56 - (Tldﬁ)z Equation B.1

Then, the clear-sky temperature is computed as in Equation B.2:
Tiear sky = (Tair + 273-15) ' (ggl'gcszr Equation B.2

Cloud cover is incorporated using a correction factor (,) which is introduced based on the

cloudiness fraction f3, as shown in Equation B.3:
f. =1+ 0.0224 f + 0.0035 5% + 0.00028 B3 Equation B.3

Assuming clear-sky conditions (f = 0), the sky temperature is then calculated using Equation

B.4.
Tsky = Ba*. Teiear sky — 273.15 Equation B.4

The convective heat transfer coefficient (o) [W/m?-K] is determined as a function of wind

speed using Equation B.5.

6+4-v, ifv<5m/s .
a. = { Equation B.5

7.41-v078, if v>5m/s
The radiative heat transfer coefficient (ar) [W/m?-K] is calculated using Stefan—Boltzmann's
law as shown in Equation A.6:

Tspy+273.15)+(T 4i++273.15 1
( sky )2( air ))3 Equatlon B.6

ar =4.¢.0.(

where € = 0.9 is the surface emissivity and ¢ = 5.67x107® [W/m*:K] is the Stefan-Boltzmann

constant.
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Table B.1. Statistical analysis of Pareto-optimal results of simplified models based on NPV

([CAD]x10%) criterion.
One-zone Two-zone  Seven-zone Thl;tg;gve_ R-value HVAC
Minimum 1971 1986 2037 2358 2490 2172
Maximum 2427 2830 2392 2487 2709 2516
Mean 2243 2409 2233 2396 2591 2370
Median 2246 2382 2248 2386 2595 2417
Standard 105 197 104 28 44 104

Deviation

Table B.2: Statistical analysis of Pareto-optimal results of simplified models based on Energy
consumption ([kWh]x10?) criterion.

One-zone Two-zone Seven-zone  Thirty-five- R-value HVAC

zone
Minimum 31536 31494 31354 31546 37413 29168
Maximum 35726 36502 36585 32522 38780 33499
Mean 32677 32271 33663 31879 37855 30378
Median 32367 31863 32483 31882 37755 29243
Standard 1217 1098 1977 135 342 1806

Deviation

Table B.3: Statistical analysis of Pareto-optimal results of simplified models based on CO, Emissions

([kg]x10%) criterion.

One-zone Two-zone Seven-zone  Thirty-five- R-value HVAC
zone
Minimum 4594 4576 4516 4562 5527 4005
Maximum 5334 5472 5424 4800 5751 4793
Mean 4798 4723 4923 4656 5635 4237
Median 4740 4658 4700 4653 5636 4034
Standard 212 196 345 42 57 319

Deviation
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