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Abstract

Building energy modeling is a critical factor for improving the operational performance and reducing the
energy use of the building impacting the environment. The goal of this study is to focus on the energy
modeling and calibration of the Testbed KTH 2.0 in order to predict and improve the accuracy of the
space heating power and indoor temperatures of the bedrooms. For that purpose, the manual calibration
was implemented to minimize the difference between the simulation results extracted from IDA ICE and
measured data collected from Building Management System (BMS). The data from BMS as well as the
local weather data were processed to support robust and precise comparison. Through a screening
sensitivity analysis and iterative adjustments, the energy model was successfully calibrated to reflect the
actual conditions of the Testbed KTH 2.0. The final results illustrated strong agreement with the actual
measurements meeting ASHRAE 14 guideline for model accuracy using MBE and CV(RMSE) values
to quantify the error range. This work illustrates a practical and replicable approach and method in energy
model calibration that can be used in future application of building energy simulation and analysis.
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Riassunt

La modellazione energetica degli edifici € un fattore fondamentale per migliorare le prestazioni operative
e ridurre il consumo energetico degli edifici, con un impatto significativo sull'ambiente. L'obiettivo di
questo studio € concentrarsi sulla modellazione energetica e sulla calibrazione del Testbed KTH 2.0 al
fine di prevedere e migliorare l'accuratezza della potenza di riscaldamento per gli spazi e delle
temperature interne delle camere da letto. A tal fine, ¢ stata implementata una calibrazione manuale per
ridurre al minimo la differenza tra 1 risultati di simulazione ottenuti con IDA ICE e i dati misurati raccolti
dal Sistema di Gestione Edificio (BMS). I dati del BMS, cosi come i dati meteorologici locali, sono stati
elaborati per supportare confronti robusti e precisi. Attraverso un'analisi di sensibilitd preliminare e
aggiustamenti iterativi, il modello energetico ¢ stato con successo calibrato per riflettere le condizioni
reali del Testbed KTH 2.0. I risultati finali hanno mostrato una forte concordanza con le misurazioni
effettive, rispettando le linee guida ASHRAE 14 per 1'accuratezza del modello, utilizzando i valori di
MBE e CV(RMSE) per quantificare l'intervallo di errore. Questo lavoro illustra un approccio pratico e
replicabile nella calibrazione dei modelli energetici.

Parole chiave:

Testbed KTH 2.0, calibration, simulation, temperature, heating power, AHU, IDA ICE, sensitivity
analysis
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Chapter 1

Introduction

Buildings have become a central focus in efforts to reduce energy consumption and promote
sustainability on a global scale. As urbanization intensifies, these structures not only support human
activities but also account for a substantial share of energy use and greenhouse gas emissions [1]. This
critical connection between buildings, resource efficiency, and climate change underscores the
importance of the sector in advancing sustainability strategies [2]. To address the environmental
challenges posed by buildings, a comprehensive approach is essential. This involves adopting advanced
innovations, improving operational practices, and considering how occupants interact with built spaces.
Developing accurate tools for assessing and improving energy performance is vital for aligning building
operations with sustainability goals. These initiatives are pivotal in transitioning the sector into a low-
carbon, climate-resilient cornerstone of global environmental efforts [3].

1.1 Background

The global focus on energy conservation and reducing emissions from buildings has grown significantly
in recent years, reflecting their critical impact on climate action and sustainable development. As reported
by the International Energy Agency (IEA) and the United Nations Environment Program (UNEP), the
building sector accounts for roughly 36% of worldwide energy consumption and contributes 40% of
greenhouse gas emissions. A sustainable built environment must prioritize the careful use of natural
resources while ensuring ecological stability. Additionally, with individuals spending the vast majority
of their time, about 80 to 90%, indoors, creating comfortable and functional living spaces becomes
essential. Elements such as temperature control, air circulation, and lighting systems greatly influence
the energy demand of these environments. [4] Building operations account for a significant portion of
global energy use, consuming 30% of the world’s final energy and producing 26% of energy-related
emissions. These emissions include 8% from direct building activities and 18% generated indirectly
through electricity and heat production. Although some regions saw a rise in heating-related emissions
due to extreme weather conditions in 2022, the overall direct emissions from the building sector
decreased compared to the previous year. Nevertheless, the sector’s energy consumption grew by about
1% during the same timeframe. [5]
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To achieve the ambitious energy and environmental goals outlined for 2030 and 2050, the European
Union has prioritized the construction and building sectors through the Energy Performance of Buildings
Directive. This updated directive focuses on accelerating the renovation of poorly performing buildings,
enhancing air quality, advancing the digital integration of energy systems within buildings and expanding
infrastructure to support sustainable mobility solutions. Lowering energy consumption in buildings is a
crucial step in reducing greenhouse gas emissions, which directly contributes to tackling climate change.
Along with benefiting the planet, such measures can reduce costs for those who own or live in these
spaces, while also creating better indoor conditions. A key element driving progress in this area is the
increasing of digitalization to gather and manage building-related data. This shift is revolutionizing the
construction industry and transforming how buildings are designed, maintained, and operated. In the
construction sector, recent digitalization advancements have increasingly centered around Building
Information Modeling (BIM). This technology serves as a unified and reliable source of information
during both the design and construction phases of projects. Over the last few decades, BIM has
significantly improved collaboration among professionals in Architecture, Engineering and Construction
(AEC), becoming a cornerstone of industry practices. Beyond fostering teamwork, BIM 1is also utilized
to simulate building performance and streamline construction workflows, offering valuable insights
throughout the process. However, traditional BIM methods are limited to static analyses and lack the
capability for real-time data exchange between physical sensors and the digital model. This limitation is
effectively addressed through the concept of digital twins. [6]

Digital twins are advanced digital models that dynamically represent physical objects or systems
throughout their lifecycle. Continuously updated with real-time data, they utilize simulation, machine
learning, and reasoning to aid decision-making and enable both monitoring and control functionalities.
In building management, digital twins facilitate seamless data collection and efficient information
exchange between physical and virtual assets. One of the most significant advantages of digital twins lies
in their ability to visually represent energy consumption across various spaces. By identifying specific
equipment or occupant behaviors contributing to higher energy usage or exceeding predefined thresholds,
building operators can focus their efforts on improving efficiency. Presented in an intuitive format, often
combining numerical data with color-coded visualizations, this real-time energy performance insight
allows for swift identification and resolution of underperforming building components, making the
process both user-friendly and efficient. [7] Moreover, digital twins not only revolutionize building
monitoring and control but also serve as a powerful foundation for advanced energy simulations. By
integrating real-time data from sensors and systems, they significantly enhance the accuracy and
reliability of building energy modeling (BEM). This integration transforms energy analysis from static
estimations into dynamic simulations that reflect actual conditions, enabling more precise predictions.
Acting as a bridge between real-time feedback and virtual modeling, digital twins elevate building energy
modeling to a more adaptive and sustainable approach, empowering operators to achieve energy
efficiency and effective building management. Building Energy Modeling (BEM) allows for the
simulation of energy use in structures, focusing on systems like heating, cooling, and also lighting. This
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method is critical for examining energy behavior and verifying adherence to established energy
regulations. By offering insights into how energy is consumed, BEM plays an essential role in
understanding the energy performance of buildings and ensuring compliance throughout their operational
lifecycle.

Digital twins enhance Building Energy Modeling (BEM) by integrating real-time data to create dynamic,
accurate simulations that reflect actual conditions. However, ensuring the precision of these models
requires another work named calibration to address discrepancies between simulated and measured
performance. Calibration bridges this gap by adjusting parameters that are challenging to measure such
as thermal properties, HVAC system efficiencies and occupant behavior patterns, using approaches that
range from manual interventions and graphical comparisons to automated techniques employing
algorithms. Together, digital twins and calibrated energy models enable a more reliable and realistic
understanding of building energy performance. The calibration process plays a vital role in addressing
the performance gap by aligning simulated outcomes with actual measured data. This involves adjusting
unknown input parameters within predefined ranges to ensure consistency between the simulated and
observed results. [8] To achieve alignment between simulation results and observed data, four main
calibration techniques are employed in building energy modeling: manual, automated, Bayesian, and
hybrid. Each method approaches the challenge uniquely and is suited to different scenarios. [9] [10].
Manual calibration is a process guided by the modeler’s expertise. Adjustments to the model parameters
are made iteratively, aiming to minimize the gaps between simulated predictions and actual
measurements. This hands-on method involves reviewing input values, integrating newly available
information, and fine-tuning the prototype model to ensure closer agreement with observed outcomes. It
is particularly effective in cases where expert knowledge is critical for solving unique problems.
Automated calibration removes the reliance on manual adjustments by using algorithms to refine model
parameters systematically. Techniques such as parameter tuning routines, machine learning, or advanced
statistical analyses are applied to reduce the discrepancies between modeled outputs and real-world data.
This method is particularly advantageous for managing extensive datasets or intricate models due to its
ability to handle complex computations efficiently and consistently. Bayesian calibration introduces a
probabilistic framework to deal with uncertainties in both input parameters and observational data. By
combining prior knowledge, such as historical trends or expert assumptions, with newly gathered data,
this method produces refined parameter estimates that include a measure of variability. Bayesian
calibration is particularly effective in environments where data may be incomplete or highly variable, as
it offers a structured mechanism to incorporate and balance both new and existing information [9] [11]
[12] [13]. Hybrid calibration combines the strengths of manual and automated approaches, offering a
more versatile strategy for model refinement. Typically, this method uses automated tools to perform an
initial refinement of parameters, which is then followed by manual intervention to enhance precision and
adapt the model to specific needs. The hybrid approach is especially useful for complex systems where
computational efficiency and human adaptability are equally important. [9] [11] [13]. Another critical
aspect to consider in the calibration process is the identification of calibration indicators. These indicators
guide the adjustment and refinement of input parameters by highlighting which factors require the focus



Introduction

during the calibration process. Once these parameters are identified, validation and error reduction
techniques, following established guidelines such as ASHRAE 14, IPMVP, and FEMP-M&V, are
applied to assess the model's accuracy. This process involves analyses like local and/or global sensitivity
analyses, and uncertainty evaluation, which help determine the input parameters that have the greatest
impact on simulation results.

1.2 Research Question

Building Energy Models (BEMs) are valuable for analyzing thermal dynamics, estimating energy
consumption, and assessing the effects of operational variables. However, differences between simulated
predictions and actual performance often reveal limitations in these models, underscoring the importance
of calibration to improve their reliability.

Calibration involves making systematic adjustments to model inputs to bring simulated results closer to
real-world observations. By refining parameters such as thermal properties, system efficiency, and
internal energy gains, the process creates a more accurate representation of energy performance. This
study uses the Testbed KTH 2.0, which is part of the KTH Live-In Lab, as a controlled research setting
for exploring calibration techniques. With its modular structure, advanced HVAC systems and integrated
data collection, the testbed provides an ideal platform for evaluating the effectiveness of different
approaches.

Despite advances in simulation tools, discrepancies between modeled and actual performance persist.
Such gaps can arise from several reasons:

1. Inaccurate or generalized assumptions about material characteristics, operational schedules, and
equipment performance.

2. Simplified modeling approaches that fail to capture real-world variability.

3. Behavioral deviations, such as unpredictable occupancy patterns or equipment usage, that differ from
assumed conditions.

Calibration is essential for narrowing these gaps, as it identifies sources of error and refines input
parameters iteratively. This ensures that energy models provide reliable insights for both research and
real-world applications.The modular layout of Testbed KTH 2.0 allows researchers to examine energy
behavior in specific zones independently. This flexibility enables a detailed analysis of discrepancies,
making it easier to identify and resolve errors systematically.

This study focuses on improving the accuracy of Building Energy Models (BEMs) by applying iterative
calibration techniques to the Testbed KTH 2.0. To address the gaps in model performance, this research
aims to answer the following questions:
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1. How can iterative calibration techniques be used to improve the accuracy of energy models for Testbed
KTH 2.0, and what impact does this have on simulating real-world energy performance?

2. What are the most influential parameters that affect the discrepancies between simulated and measured
energy performance in Testbed KTH 2.0?

3. How do behavioral assumptions, such as internal heat gains from lighting and occupancy patterns,
influence the accuracy of energy simulations in Testbed KTH 2.0?

The study highlights the refinement of key model parameters through iterative calibration, aligning
simulations with observed performance by incorporating thermal, operational, and behavioral factors.
Specific behavioral influences considered include:

« HVAC configurations' impact on ventilation and energy efficiency.

. Internal heat gains from lighting and occupancy patterns affecting energy consumption.

Local sensitivity analysis pinpoints parameters with the greatest influence on simulation accuracy.
Validation metrics such as CV(RMSE) and MBE, guided by ASHRAE 14 guideline, are used to evaluate
calibration progress.

A unique focus of this research is its iterative adjustment of behavioral and operational assumptions, such
as and internal heat gains from occupanct, lighting, and electrical equipment, to better represent real-
world conditions. For example, calibration modifies predefined assumptions to reflect observed
variations in internal heat gains patterns, minimizing errors and improving reliability.

These findings offer valuable insights into effective calibration methods, particularly for modular
research facilities like Testbed KTH 2.0. By refining schedule-related assumptions and addressing
discrepancies, the study enhances energy modeling accuracy across varied operational scenarios,
emphasizing the importance of tailored calibration techniques.

Testbed KTH 2.0 exemplifies the value of experimental facilities in advancing energy efficiency. By
leveraging its capabilities to refine modeling practices, this research offers practical solutions for
reducing energy consumption and improving building performance, contributing to global sustainability
goals.
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Literature Review

Building Energy Modeling (BEM) serves as a foundational strategy for achieving global goals in energy
efficiency and sustainability. Despite its potential, one critical challenge remains: the "performance gap,"
which reflects discrepancies between predicted and actual energy performance in buildings. Addressing
this gap requires advanced methods to calibrate models against real-world data, ensuring more reliable
predictions [14, 15].

One solution lies in leveraging facilities like Testbed KTH 2.0, which provide controlled environments
equipped with modular structures and advanced monitoring systems. These setups allow researchers to
refine calibration techniques, addressing challenges like incomplete datasets and variability in
operational conditions [17] [16]. By facilitating precise calibration, such innovations advance BEM's
capacity to support sustainable building design and operation, minimizing environmental impacts and
promoting energy efficiency.

This literature review aims to:

« Summarize existing studies on building energy modeling and calibration [15] [16].

. Identify key challenges, such as limitations in available data and discrepancies related to occupant
lighting and Electrical equipment patterns [14] [15].

. Highlight the role of Testbed KTH 2.0 as a pioneering facility for developing advanced calibration
techniques [17].

Recent advancements in Building Energy Modeling (BEM) have provided a strong foundation for
creating more accurate and sustainable energy systems. Current research has focused on overcoming
challenges like the "performance gap" and the need for effective calibration techniques to improve model
reliability. De Wilde [18] highlighted the transition of BEM from static to dynamic simulations enabling
models to incorporate time-dependent factors such as weather changes and occupant behaviors. The
research demonstrated how dynamic simulations allow for detailed assessments of thermal interactions
between systems and occupants. However, it also noted that the incomplete or imprecise input parameters
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often undermine the accuracy of energy consumption predictions. Similarly, Hong et al. [19] examined
how modeling algorithms affect BEM precision. The studies identified oversimplified assumptions about
thermal properties and operational schedules as key contributors to the performance gap and also
recommended iterative calibration as a method to refine these parameters ensuring that simulation
outputs better align with observed data.

Experimental testbeds have been crucial in advancing calibration research. Modular setups like Testbed
KTH 2.0 provide controlled environments that enable researchers to isolate variables and refine models
systematically. Saltelli et al. [20] conducted sensitivity analyses on such testbeds, identifying key
parameters like HVAC efficiency and internal heat gains. Their findings highlighted the importance of
prioritizing these influential variables during calibration to improve model precision. Wille [21] applied
validation techniques in testbed environments to measure discrepancies between simulated and observed
performance. Their study revealed limitations in capturing behavioral factors such as occupancy and
lighting, which are typically modeled using predefined schedules instead of direct monitoring. Wilde
[17] argued that addressing these limitations requires a hybrid approach that combines refining physical
parameters with methods for accounting for behavioral variability.

Despite these advancements, significant gaps persist in energy modeling and calibration research. De
Wilde [18] pointed out the limited real-world validation in many studies, restricting the generalizability
of simulation results. Hong et al. [19] similarly noted the difficulty of incorporating behavioral factors,
as assumptions about occupancy and equipment usage often differ from actual conditions. These gaps
underscore the need for calibration techniques that effectively integrate both physical and behavioral
parameters, particularly in scenarios where data is incomplete.

Recent researches have also focused significantly on enhancing calibration techniques within building
energy modeling (BEM) to reduce discrepancies between simulation outcomes and actual building
performance. Covering a range of calibration strategies, building types, and performance metrics, these
studies provide critical insights into their benefits and limitations. This section examines these studies,
comparing their approaches, outcomes, and challenges.

Manual calibration involves adjusting input parameters manually based on observed discrepancies.
Coakley et al. [10] applied this technique to a multi-story commercial building using monthly energy
consumption and indoor temperature as calibration indicators. The method achieved a calibration
accuracy of 14%. While precise, the process was labor-intensive and time-consuming, making it
unsuitable for projects with large datasets or constrained timelines. Similarly, Robertson et al. [22]
utilized manual calibration for a residential building, focusing on hourly calibration of energy
consumption and indoor temperature data. The study demonstrated that manual techniques could achieve
a calibration accuracy of 10%. However, the authors noted that while this method provided precise
results, it was labor-intensive and less scalable for more complex or large-scale systems. Additionally,
Tremeac et al. [23] conducted a manual calibration study on a 5,434 m? office building in France. The
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calibration was performed over one year at a sub-hourly (5-minute) time-step, using energy consumption,
heating and cooling power, and temperature as indicators. Initial discrepancies between measured and
simulated values led to an in-depth analysis rather than just parameter tuning. The final calibration
improved temperature accuracy, with 90% of data points ranging between -1.72°C and 2.02°C, achieving
a calibration accuracy of 22.2% CV(RMSE) (hourly) and 14.4% CV(RMSE) (monthly).

Automated calibration leverages algorithms to refine parameters systematically. Raftery et al. [24]
implemented this method for an institutional building, using hourly energy consumption as the primary
calibration indicator. The technique achieved an accuracy of 11% and proved efficient in handling large
datasets. However, the results were heavily dependent on complete and high-quality data, missing or
incomplete data introduced significant errors. Sun et al. [13] explored automated calibration in an
industrial setting, combining hourly energy consumption and indoor temperature as key indicators. The
approach achieved 10% accuracy and effectively identified discrepancies in energy patterns. Despite its
strengths, the study noted diminished accuracy when external factors, such as weather variability, were
not adequately accounted for. Chong and Lam [25] examined automated calibration applied to a
commercial building. Their study utilized hourly calibration and focused on optimizing parameters such
as HVAC performance and thermal envelope properties. The calibration indicators included energy
consumption and indoor temperature, achieving an accuracy of 9%. The study highlighted the advantages
of automation in terms of efficiency and scalability but emphasized the reliance on high-quality datasets
for consistent results. Eng et al. [26] introduced an automated calibration approach using schedule tuning
for a case study involving multiple buildings. The study used monthly energy consumption and gas
consumption as primary indicators. Initial errors were significant, with a CV(RMSE) of 42.12% (power)
and 25.50% (gas). However, after the automated process, the errors were reduced to 2.21% CV(RMSE)
(power) and 3.15% CV(RMSE) (gas). The second validation case demonstrated further improvements,
reducing errors from 19.25% to 2.19% CV(RMSE). This study underscores the capability of automation
in optimizing calibration while reducing human intervention.

Bayesian calibration incorporates probabilistic methods to address uncertainties in input parameters. Heo
et al. [27] utilized this approach for a high-rise residential building, employing hourly energy
consumption and indoor temperature as performance metrics. The method achieved 7% accuracy,
making it highly effective in managing uncertainties. However, its computational intensity limited its
applicability in projects with constrained resources or real-time requirements. Similarly, Chong and
Menberg [28] employed Bayesian calibration on commercial buildings, primarily focusing on hourly
energy consumption and indoor temperature as calibration indicators. Achieving an accuracy of 10%,
the method provided highly reliable models aligning with observed energy patterns. The approach
enhanced the predictive performance of building energy models by accurately simulating energy usage
and thermal dynamics. Even though, the Bayesian calibration effectively quantified uncertainties and
improved model robustness, its computational intensity posed challenges for broader adoption in large-
scale systems without substantial computational resources. Cui et al. [29] did implement the Bayesian
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calibration for office buildings in Guangdong, China, addressing prediction uncertainties in heating and
cooling energy consumption. Using both monthly (CV(RMSE) = 0.59%) and hourly (CV(RMSE) =
19.35%) calibration, the method demonstrated compliance with ASHRAE Guideline 14 standards. The
study successfully improved model accuracy while effectively handling parameter uncertainty,
reinforcing the effectiveness of Bayesian techniques in energy prediction.

Hybrid calibration combines manual expertise with automated techniques to balance precision and
efficiency. Gonzalez et al. [30] applied this method to an industrial building, using monthly energy
consumption as the primary indicator. The study achieved 10% accuracy, highlighting the adaptability
of hybrid methods in integrating diverse data sources. However, challenges in incorporating behavioral
data reduced reliability in settings with high occupant variability. Heo et al. [27] also explored hybrid
calibration for institutional buildings, combining monthly energy consumption and indoor temperature
as indicators. This method achieved 9% accuracy but encountered difficulties in coordinating manual
and automated processes, occasionally resulting in parameter adjustment inconsistencies. Chen et al.
[31] proposed a hybrid calibration approach combining Bayesian inference and machine learning
techniques to enhance predictive performance in an operating commercial building in Shanghai. The
study utilized hourly calibration over a three-year period, focusing on Energy Use Intensity (EUI) for
space heating. The hybrid model significantly improved accuracy, achieving a CV(RMSE) of 7.6% and
NMBE of 1.6%. The results demonstrated the potential of integrating first-principles modeling with
machine learning for better calibration and energy forecasting. In table 1, all the above-mentioned
studies, their applications and outcomes are demonstrated.

Study

Application

Result

Coakley et al.

Manual calibration for a multi-story
commercial building (monthly energy
consumption and indoor temperature)

Calibration accuracy of 14% -labor-
intensive and time-consuming

Robertson et al.

Manual calibration for a residential
building (hourly energy consumption and
indoor temperature)

Calibration accuracy of 10% -precise but
unsuitable for large-scale systems

Tremeac et al.

Manual calibration for a 5,434 m? office
building in France (sub-hourly energy
consumption, heating & cooling power,
temperature)

- CV(RMSE): 22.2% (hourly), 14.4%
(monthly)

-MBE: 10.4% (hourly), 24.1% (monthly).
Labor-intensive but effective in analyzing
discrepancies

building (hourly energy consumption and
indoor temperature)

Raftery et al. Automated calibration for an institutional | Calibration accuracy of 11% - efficient
building (hourly energy consumption) for large datasets but dependent on high-
quality data
Sun et al. Automated calibration for an industrial Calibration accuracy of 10% -effective

but impacted by external factors like
weather
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in Guangdong, China (monthly and
hourly energy consumption, heating and
cooling loads)

Chong and Automated calibration for a commercial Calibration accuracy of 9% -scalable but
Lam building (hourly energy consumption, requires high-quality datasets
HVAC performance, and thermal
envelope properties)
Eng et al. Automated calibration using schedule - CV(RMSE): 2.21% (power), 3.15%
tuning (monthly energy consumption and | (gas) after calibration, compared to
gas consumption) for multiple buildings 42.12% and 25.50% initially. Efficient but
reliant on data quality
Heo et al. Bayesian calibration for a high-rise Calibration accuracy of 7% - highly
residential building (hourly energy effective for uncertainties but
consumption and indoor temperature) computationally intense
Chong and Bayesian calibration for commercial Calibration accuracy of 10% - reliable but
Menberg buildings (hourly energy consumption and | limited scalability without significant
indoor temperature) computational resources
Cui et al. Bayesian calibration for office buildings CV(RMSE): 0.59% (monthly), 19.35%

(hourly). Complies with ASHRAE 14
guideline, effective for uncertainty
management

Gonzalez et al.

Hybrid calibration for an industrial
building (monthly energy consumption)

Calibration accuracy of 10% - adaptable
but challenges with behavioral data
integration

building in Shanghai (hourly Energy Use
Intensity for space heating)

Heo et al. Hybrid calibration for institutional Calibration accuracy of 9% - difficulties
buildings (monthly energy consumption in coordinating manual and automated
and indoor temperature) processes

Chen et al. Hybrid calibration for a commercial - CV(RMSE): 7.6%,

-MBE: 1.6%. Significantly reduces
performance gaps and improves energy
forecasting accuracy

Table 1: Summary of Different Studies with their Applications and Results

The reviewed studies reveal the advantages and disadvantages of various calibration techniques. Manual
methods excel in precision and are suitable for smaller-scale projects or tasks requiring domain expertise,
but they are labor-intensive and time-consuming [10] [22] [23]. Automated methods are efficient and
scalable but rely heavily on comprehensive and reliable input data, making them vulnerable to errors
when data is incomplete [13] [24] [25] [26]. Bayesian calibration is particularly adept at addressing
uncertainties and achieving high accuracy, but its computational requirements limit its practicality in
certain scenarios [27] [28] [29]. Hybrid approaches combine the adaptability of manual methods with
the efficiency of automation, offering a balanced solution. However, they require careful coordination to
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avoid inconsistencies, particularly when integrating diverse data sources [27] [30] [31]. All the
Calibration methods with the advantages and disadvantages are summarized in Table 2.

Calibration Pros Cons
Method
Manual -High precision. -Time-intensive.
- Suitable for small-scale -Requires significant expertise.
projects or tasks requiring -Impractical for large datasets or
domain expertise. tight timelines.
Automated -Efficient and scalable. -Heavily reliant on high-quality
-Handles large datasets input data.
effectively. -Prone to errors with incomplete
datasets.
Bayesian -Manages uncertainties well. -Computationally intensive.
-Achieves high accuracy. - Less suitable for real-time or
resource-limited applications.
Hybrid -Combines precision of manual | -Requires careful coordination
methods with efficiency of to avoid inconsistencies.
automation. -Challenges in integrating
-Balanced solution. diverse data sources.

Table 2: Comparative Overview of Calibration Techniques

Meanwhile, all the studies reviewed met the calibration accuracy thresholds defined by ASHRAE 14
Standards, underscoring the versatility of these methods while highlighting the trade-offs between
precision, efficiency, and data quality requirements.

The reviewed literature identifies significant gaps in Building Energy Modeling (BEM) and calibration,
including the persistent mismatch between predicted and actual building energy performance, commonly
referred to as the performance gap. These discrepancies often stem from oversimplified assumptions
about operational schedules, occupant behaviors, and thermal properties, as well as the limitations of
calibration methods that rely heavily on comprehensive, high-quality datasets. Furthermore, insufficient
integration of behavioral factors and unresolved challenges in refining critical parameters, such as HVAC
efficiency and ventilation rates, continue to hinder progress.

Testbed KTH 2.0 modular structure and advanced monitoring systems make it an ideal environment for
calibrating energy models, especially in addressing the performance gap between predicted and actual
energy performance. The testbed tracks key variables like temperature and occupancy, which are critical
for refining energy models in real-world conditions. Given the complexity of behavioral variability and
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data limitations, Manual calibration was selected as the first choice for this study to establish a direct and
controlled approach to refining the energy model. This method allows for step-by-step parameter
adjustments based on observed discrepancies, making it easier to systematically evaluate calibration
accuracy without relying on complex algorithms or high computational resources.

Additionally, manual calibration provides full transparency in the adjustment process, ensuring that key
performance indicators are directly validated against measured data. The choice of manual calibration is
also motivated by the need to first assess the model’s performance and determine whether the calibration
results meet the required accuracy levels. If the results are not satisfactory, then the automated calibration
approach will be introduced as a complementary step to enhance adjustments and refinements. This
structured approach ensures that calibration is conducted in a logical sequence, starting with manual
refinement and only incorporating automation if further refinement is needed.

This research utilizes the strengths of Testbed KTH 2.0 to address critical calibration challenges in
building energy modeling. By first implementing manual calibration, the study ensures a controlled and
transparent refinement process, allowing for precise adjustments based on observed discrepancies. If
further refinement is required, automated calibration will be incorporated to enhance efficiency and fine-
tune the model. This structured approach ensures flexibility in achieving accurate and reliable calibration
results while effectively addressing the performance gap in energy modeling.
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Chapter 3

Methodology

3.1 Description of the Experimental Setup

This chapter provides an in-depth description of the experimental setup and methodology used in the
study. It begins with an overview of the Living Lab concept and the KTH Live-in Lab, which serves as
the context for the research. Following this, we will explore the Testbed Einar Mattson and the Case
Study meaning Testbed KTH 2.0, providing insight into the experimental environment. The chapter also
covers the use of the IDA ICE simulation tool, the processes of data collection and processing and also
the detailed procedure how to start and do the calibration in order to meet the requirements based on the
goal of'this study. Each section of this chapter contributes to the development of the energy model, setting
the stage for the analysis and results presented later in the thesis.

3.1.1 Living Lab

Living labs are dynamic spaces where innovation is rooted in real-life settings such as urban
neighborhoods, academic campuses or other public environments. They function as collaborative
platforms where diverse participants, ranging from researchers and companies to policymakers and local
citizens, work together to craft and refine practical solutions for societal challenges. By emphasizing
experimentation in natural contexts, these labs aim to bridge theoretical knowledge with real-world
application, generating outcomes that are impactful and sustainable. What makes Living labs unique is
their focus on engaging users directly throughout the innovation process. This ensures that solutions
address practical needs and remain relevant to the people who use them. Testing happens in everyday
environments, allowing teams to observe and adapt the innovations in real time. These efforts are deeply
collaborative, leveraging expertise from various fields to tackle problems collectively. A flexible,
iterative process is integral, where feedback from wusers and stakeholders guides continuous
improvement. Sustainability underpins every initiative, with projects designed to create lasting benefits
for the environment, economy, and society. [32]
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3.1.2 KTH Live-In Lab

The KTH Live-in lab was launched at KTH Royal Institute of Technology in Stockholm, Sweden in 2016
as an experimental initiative redefining how sustainable solutions for buildings are explored. This facility
is designed to integrate experimentation into daily environments, the lab bridges the gap between
theoretical research and practical application. Its focus on real-world testing has accelerated the
deployment of innovative technologies, supported by continuous data collection on energy usage, indoor
air quality and operational performance, which drive improvements in efficiency and sustainability. The
lab is equipped with adaptable living spaces that facilitate a wide range of experiments, from testing
shared-resource housing concepts to evaluating intelligent energy systems and virtual simulations. These
flexible environments ensure that each innovation is optimized for practical implementation and
scalability. A strong emphasis on collaboration brings together researchers, industry experts, and
policymakers to address key challenges, such as water efficiency, smart ventilation, and energy
optimization. Moreover, by studying occupant behavior, the lab enables the development of systems that
are responsive to user needs and promote energy-conscious living.

An important aspect of the KTH Live-In Lab is its structure, consisting of three testbeds that focus on
different aspects of sustainable living and energy-efficient technologies. Testbed KTH, located within
the KTH campus, provides a flexible environment for experimenting with modular student apartments
and energy systems. Testbed Einar Mattsson, situated on the KTH Valhallavigen campus, consists of
three energy-positive buildings that serve as platforms for real-world testing of geothermal heating, solar
panels and wastewater heat recovery. Testbed Akademiska Hus focuses on integrating advanced building
systems and sustainable energy solutions in collaboration with Akademiska Hus (which is one of the
biggest property management company in Sweden). These three testbeds have a single database that
serves multiple functions, including supporting experimentation, research and educational initiatives.
This system consolidates data on various factors such as energy usage, air quality, and how occupants
behave within the space. It acts as an essential resource for researchers, students, and professionals,
offering real-time insights into the performance of buildings and how they interact with the people who
use them. Through this database, energy systems can be optimized, and the advancement of sustainable
solutions is continually pushed forward [33].

Meanwhile, the focus of this thesis is on Testbed KTH 2.0 which is part of Einar Mattson Testbed and
will be discussed in section 3.1.2.2.

3.1.2.1 Testbed Einar Mattson

Einar Mattson (EM) Testbed, situated on the Valhallavigen campus of KTH Royal Institute of
Technology, stands as a leader in sustainable housing innovation. This testbed is composed of three plus-
energy buildings, as shown in figures 1 and 2, Hus 1, Hus 2, and Hus 3, which collectively provide
housing for 305 students. These buildings not only serve as residences but also as a platform in order to
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demonstrating cutting-edge systems that produce more energy than they consume, exemplifying the
initiative’s commitment to environmentally responsible construction practices. The energy systems at
the heart of Einar Mattson Testbed are designed to maximize efficiency and sustainability. Twelve
geothermal boreholes, reaching a total depth of 3,600 meters, supply consistent and reliable heating.
Renewable electricity is generated through 1,150 square meters of solar panels, while an advanced
wastewater heat recovery network captures and reuses thermal energy. Additionally, surplus solar energy
is stored in sophisticated energy storage systems, ensuring consistent supply during peak usage periods
and minimizing reliance on external grids. The facility also functions as a dynamic research environment,
where energy consumption, indoor air quality and climate performance are closely monitored. These
continuous assessments allow researchers to refine technologies and optimize building performance in
real-world conditions. Moreover, the testbed provides valuable insights into the connection between
resident behaviors and energy efficiency, enabling the design of more adaptive and accessible systems.
The use of cutting-edge tools such as digital twins further enhances the research process, offering real-
time modeling for better operational control and system improvement.

Collaboration is at the core of Einar Mattson Testbed. This initiative connects academic researchers and
energy experts to bridge the gap between innovation and practical application. Through these
partnerships, Einar Mattson Testbed enables the validation of advanced technologies and their refinement
for real-world use, showcasing its dedication to advancing sustainable housing solutions. By seamlessly
integrating experimentation and practical applications, Einar Mattson Testbed demonstrates how housing
can shift from being energy consumers to active contributors in addressing global sustainability
challenges. Its achievements provide a blueprint for future housing developments that prioritize both
energy efficiency and environmental responsibility. [34]

Figure 1: 3 Buildings of Einar Mattson Testbed (Hus 1,2 and 3),
Source KTH Live-in lab, Testbed EM
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Figure 2: 3 Buildings of Einar Mattson Testbed (Hus 1,2 and 3),
Source Google Earth Pro

3.1.2.2 Case Study: Testbed KTH, Testbed KTH 2.0

Testbed KTH is part of Testbed EM and is located within one of the three buildings managed by Einar
Mattson, as shown in figures 3 and 4 and known as Hus-3. Hus-3 is situated on the main campus of the
KTH Royal Institute of Technology at Valhallavigen in Stockholm. This adaptable environment is
designed for experimentation with energy systems, living configurations and building performance. Over
the years, Testbed KTH has been continuously updated with new technologies and layouts, reflecting the
growing emphasis on energy efficiency research.

Initially conceived as a flexible research facility, Testbed KTH features modular layouts that are
reconfigured annually to accommodate diverse research objectives. These ongoing changes enable the
testing of various energy strategies in realistic conditions. The facility’s Building Management System
(BMS) collects data on key parameters, such as energy consumption, temperature and humidity, allowing
researchers to refine energy systems with precision. Among its features is the Air Handling Unit (AHU)),
which uses rotary heat exchangers to optimize energy recovery by preheating incoming air with outgoing
airflows. [35]
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Figure 3: Testbed KTH Exterior Situated at Malvinas v 12, Source Google Maps

'J_r|:|:1r;|.':|.'|:l'|luI::I"

Figure 4: lllustration of Testbed KTH (Design by Semren Mdnsson),
Source KTH Live-in lab, Testbed EM
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Figure 5: Testbed KTH Interior, Source KTH Live-in lab, Testbed KTH

As the scope of research expanded, Testbed KTH evolved into Testbed KTH 2.0 outcomes. Testbed KTH
2.0 is designed specifically for Building Energy Modeling (BEM) and provides a controlled space for
refining calibration techniques through iterative testing. Its modular configuration includes four
bedrooms, four bathrooms and shared living areas, shown in figures 6 and 7, enabling detailed studies of
energy performance in specific zones. Independent experiments can be conducted simultaneously
without disrupting the rest of the setup, ensuring high levels of precision and flexibility.
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Figure 6: 2D Layout of Testbed KTH 2.0 Floor Plan, Source KTH Testbed Live-in lab,

Testbed KTH 2.0

Figure 7: 3D Layout of Testbed KTH 2.0, Source KTH Testbed Live-in lab,

Testbed KTH 2.0
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Testbed KTH 2.0 incorporates an advanced HVAC system with critically sophisticated monitoring tools
featuring a dedicated AHU with rotary heat exchangers that further enhance heat recovery and energy
efficiency compared to the original setup. In this facility, the AHU works in tandem with advanced
airflow sensors, measuring supply and return airflows, temperatures and humidity levels across multiple
points in the system. This setup enables researchers to assess ventilation efficiency and thermal dynamics
under various operational conditions. Additionally, the system supports customizable ventilation
schedules, allowing precise control over airflow rates to evaluate their impact on indoor comfort and
energy use. A centralized BMS by Schneider Electric collects and processes data, supporting activities
such as model validation, system optimization and uncertainty analysis. Researchers simulate a range of
operational conditions, including changes to ventilation rates and heating schedules, to understand their
effects on energy use and indoor comfort.

The evolution from Testbed KTH 1.0 to Testbed KTH 2.0 reflects the KTH Live-In Lab's commitment
to explore how different spatial configurations influence occupant behavior and preferences. Testbed
KTH 1.0 featured four independent apartments, each equipped with its own kitchen and bathroom,
connected by a separate corridor. In Testbed KTH 2.0, the layout was reconfigured to include four single
rooms each with a private bathrooms and a shared kitchen-living room space. These modifications aim
to deepen the understanding of spatial dynamics, occupant interaction, and their collective impact on
energy efficiency and sustainability in the built environment.

Testbed KTH 2.0’s contributions extend beyond energy modeling meaning by supporting renewable
energy integration, developing advanced energy controls and validating low-carbon technologies, the
testbed sets a benchmark for other research facilities. Its innovative approach demonstrates how
experimental methods can drive sustainable development on a global scale [36] [37].

3.2 IDA ICE

IDA ICE (Indoor Climate and Energy) is a high-performance simulation software developed by EQUA
Simulation AB. It is designed to evaluate how buildings consume energy and manage indoor climate
conditions. This versatile tool supports professionals in creating energy-efficient designs by simulating
real-world scenarios, enabling better decision-making in both design and operational phases. This
software is a flexible platform that integrates various building systems into a unified simulation
environment. Its focus on zoning, environmental modeling, and system optimization makes it an essential
tool for sustainable building projects.
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3.2.1 Main capabilities of IDA ICE

Precise Zone Modeling: The software divides a building into distinct zones, each modeled based on
specific environmental conditions such as airflow, humidity, and temperature. This segmentation allows
users to study individual areas of a building, analyze their performance, and optimize energy distribution
across zones.

HVAC System Evaluation: IDA ICE offers extensive tools for modeling heating, ventilation, and
cooling systems. Users can simulate different HVAC setups, adjust parameters and test operational
strategies to determine the most energy-efficient configurations for a building.

Human-Generated Internal Gains: IDA ICE accounts for occupant behavior modeling by considering
internal gains from factors such as room usage, equipment operation, and occupancy patterns, which
influence energy consumption. While not unique to IDA ICE, this feature enhances simulation accuracy
and allows for more realistic predictions of energy dynamics.

Applications in Real-World Scenarios: IDA ICE has diverse applications, from the design of energy-
efficient buildings to the retrofitting of existing structures. The software is often used to meet
sustainability standards, reduce operational costs and optimize system performance.

An emerging use of IDA ICE is its role in creating digital twins. These digital counterparts enable
continuous system monitoring and predictive maintenance, combining real-world data with simulations
to provide actionable insights. This approach enhances energy efficiency and improves building
management practices [38].

3.2.2 Modeling Features

The credibility of IDA ICE lies in its foundation of advanced mathematical and computational methods.
These methods ensure that simulations are accurate, reliable, and adaptable to different scenarios noted
as:

Heat exchange dynamics: Using energy balance principles, IDA ICE models how heat moves through
building zones. Factors such as heat loss through walls, internal gains from occupants and solar
contributions are all considered, ensuring precise thermal calculations.

Airflow modeling: Air circulation is modeled using fluid mechanics, allowing users to evaluate
ventilation strategies and understand how airflow impacts indoor climate. This analysis is crucial for
balancing comfort with energy efficiency in building designs.
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Managing real-world variations: To reflect real-world conditions, IDA ICE allows to simulate some
factors such as weather changes and occupancy variations. While these variations can be incorporated
into the model, the software primarily relies on deterministic methods rather than built-in stochastic
modeling. This approach ensures that results remain consistent and adaptable to practical scenarios.

Improving the energy performance: The software’s optimization tools let users test various
configurations of building systems to identify the most effective designs. These tools are particularly
beneficial for improving energy efficiency while maintaining occupant comfort [39].

3.2.3 The distinct advantages of IDA ICE

IDA ICE excels in integrating thermal modeling, HVAC analysis, and occupant behavior into a unified
platform, enabling comprehensive building performance insights. Its adaptability to both new
construction and retrofits makes it a vital tool for achieving energy efficiency and sustainability. These
capabilities ensure its continued leadership in building simulation technology. [38] [39]

3.3 Methodological Workflow for Energy Modeling and Calibration of
Testbed KTH 2.0

The flow diagram, presented in figure 8, illustrates the methodological workflow adopted for the
validation of Testbed KTH 2.0, outlining key steps from data collection to model calibration. The process
begins with gathering and preprocessing data, ensuring accuracy before integrating it into IDA ICE. After
the initial model is developed, the initial simulation identifies high error range for MBE and CV(RMSE)
unaccepted by ASHRAE 14 standards, wich then is followed by sensitivity analysis to screen and
determine high-impact parameters. The model is then iteratively calibrated until validation metrics (MBE
and CV(RMSE)) align with ASHRAE 14 standards. Each phase of this workflow is detailed in the
following sections.
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3.4 Data Collection for Testbed KTH 2.0

The development of accurate building energy models relies heavily on thorough and precise data
collection, particularly for a project like Testbed KTH 2.0.

This research emphasizes the critical role of data collection in constructing an initial energy model that
accurately represents the building's dynamics, serving as a baseline for calibration. The reliability and
completeness of the data collected will directly influence the precision of the simulations, making it a
pivotal phase of the study [11] [40].

In energy modeling, data collection underpins the generation of credible and practical results. The
gathered data guides every facet of the model, from the thermal properties of the building envelope to
internal heat sources, occupant behavior, and external environmental influences. For Testbed KTH 2.0,
this data is not only utilized as input parameters in the IDA ICE model but also to replicate real-world
performance conditions. The accuracy of this information ensures that the model is grounded in physical
reality and ready for subsequent phases meaning sensitivity analysis, calibration, and validation.

Without a robust data collection process, the model would be prone to uncertainties, leading to unreliable
energy consumption and thermal comfort predictions. Therefore, a systematic approach is employed to
gather data from various credible sources, mentioned in the following, while addressing missing or
incomplete datasets effectively [41] [42].

3.4.1 Building Envelope Data

Data on the building envelope is essential for defining Testbed KTH 2.0’s thermal characteristics. This
included details about walls, doors, floors, roofs, and windows, with parameters such as U-values,
material thickness, dimensions, and thermal conductivity informing heat transfer simulations. Additional
glazing data, such as U-values, G-values, and window dimensions, enables accurate modeling of solar
heat gains and thermal behavior, which were included as well. Heat transfer due to thermal bridges was
also incorporated as they would significantly influence energy demands. Data sources included
architectural drawings, material specifications, and design documentation, providing detailed
descriptions of the construction and its thermal properties. By relying on these reliable sources, the
thermal behavior of the building envelope is realistically represented in the simulations.

3.4.2 Building Orientation

Although building orientation was static and not time-dependent, discrepancies and missing values in
Building Orientation were observed in the data, obtained from BMS. For the months where building
orientation data was missing, an analysis was conducted using Google Earth Pro [43] in order to verify
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the orientation. The value obtained from Google Earth Pro for the Tsetbed KTH 2.0 orientation was 322°
aligned with the most commonly recorded value in the weather data. Meanwhile, for some hours in which
there were some discrepancies in building orientation compared to the others, the most commonly
recorded value ( which was 322° based on BMS ), was considered.

3.4.3 HVAC System Data

Information on HVAC systems is crucial for modeling ventilation, heating, and thermal performance.
The Building Management System (BMS) provided operational data that reflects the real-world
performance of Testbed KTH 2.0. For instance, it supplied ventilation airflow rates for different zones,
with constant air volume (CAV) systems in bathrooms and variable air volume (VAV) systems in
bedrooms and shared kit-living room. These configurations would allow accurate simulation of air
distribution and energy use.

The BMS also provided heating system parameters such as temperature setpoints and heat recovery
system efficiency, which are essential for modeling energy consumption. Heat recovery systems plays a
significant role in reducing energy use by recapturing heat from exhaust air, highlighting the value of
this data. Furthermore, infiltration rates, reflecting uncontrolled air exchanges between the interior and
exterior, were modeled based on wind-driven conditions in Stockholm. Including these parameters
ensures accurate representation of heating and cooling loads in the model.

It is notable that the BMS provided a comprehensive HVAC dataset which enabled precise simulation of
Testbed KTH 2.0’s thermal and energy performance, aligning the model closely with operational
characteristics.

3.4.4 Weather Data

Weather data is critical and necessary for representing external conditions that influence building
performance. Key parameters for this data are air temperature, relative humidity, wind speed and
direction, air pressure, and 3 solar radiation components meaning GHI (Global Horizontal Irradiance),
DHI (Diffuse Horizontal Irradiance), BNI (Beam Normal Irradiance also called DNI, Direct Normal
Irradiance), as they are the most necessary, significant and crucial solar irradiances in the building
simulations [44] [45]. The weather data available from the on-campus weather station ranged from June
2020 to July 2021 (the simulations were using data between January and March 2021), for two main
reasons:

25



Methodology

1. Operational Alignment: The Testbed KTH 2.0 was constructed from August 2020 to June 2021,
extracted from the BMS documents, making this period most relevant for calibration.

2. Simulation Standards: IDA ICE requires continuous weather data for a full year to ensure reliable
and standardized outcomes.

Therefore, using the period mentioned ensures alignment with the building’s operational timeline and
compliance with simulation standards.

3.4.4.1 Challenges in Weather Data Collection

Several challenges emerged during weather data collection from weather station sensors:

- Missing Solar Radiation Data: GHI, DHI, and BNI values were unavailable in the on-campus dataset
for all the months given.

- Incomplete Records: Critical parameters, including, air temperature and pressure, relative humidity,
and wind data, were missing from November 2, 2020 to January 15, 2021.

3.4.4.2 Addressing Missing Data

1. Solar Radiation Data: Missing solar radiation values were sourced from the CAMS (Copernicus
Atmosphere Monitoring Service) database [46], which offered superior coverage and resolution
compared to SMHI (Swedish Meteorological and Hydrological Institute) [47]. As a matter of fact, due
to the fact that only GHI values were available from SMHI dataset and because all the 3 solar irradiances
were necessary for the accuracy of the calibration, so CAMS dataset source was chosen for them.

2. Weather Parameters for Missing Periods: SMHI provided the dataset [47] for all the missing values
with respect to the missing date-times for air temperature and pressure, humidity, wind speed, and wind
direction.

These efforts ensured a robust and reliable weather dataset for accurate simulations.

3.4.5 Internal Heat Gains

Internal heat gains from lighting, equipment, and occupant activities are key factors influencing energy
demand. Due to the absence of sensor data, assumptions were made based on standardized residential
guidelines and prior research on student housing. This approach would provide realistic estimates of
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internal heat gains for the model. Also, the Schedules for occupancy, lighting, and equipment use were
similarly assumed using standardized profiles and documented methodologies. These assumptions would
ensure the simulation realistically represents internal heat sources and usage patterns while minimizing
uncertainties as much as possible [48].

3.5 Data Cleansing and Preprocessing: Preparing Weather Data for
Initial Model Development

The data cleansing and preprocessing phase plays a pivotal role in energy modeling, as it directly impacts
the precision and reliability of simulation outcomes. Raw weather data frequently contains gaps,
inaccuracies, misaligned time entries, and parameter inconsistencies. If left unresolved, these issues can
adversely affect the simulations, leading to skewed results. The objective of this stage is to ensure that
all weather-related data, such as relative humidity, air temperature, air pressure, wind speed and direction,
and solar irradiance components (GHI, DHI, and BNI), meet stringent criteria for accuracy, consistency,
and completeness [40].

This phase is particularly crucial and substantial for months with significant data gaps, including
November and December 2020, as well as January 2021. These periods require additional data
integration and more thorough preprocessing. By addressing these challenges, the models would be able
to replicate real-world conditions with greater fidelity, ensuring dependable outcomes. Other datasets,
including those associated with building envelope parameters, HVAC systems, and internal heat gains,
do not require extensive preprocessing due to their compatibility with simulation requirements and lack
of raw or missing values. Consequently, the primary focus of this stage will be on weather data.

3.5.1 Data Cleansing and Preprocessing Step

Following the detailed data collection described in Section 3.4, the next critical step is preparing the
gathered datasets for integration into the IDA ICE simulation model. This stage acts as a bridge between
raw data acquisition and readiness for simulation, converting unprocessed datasets into standardized,
complete inputs [49]. A systematic and careful approach, used by Python with Pandas Library, to data
preprocessing and cleansing is adopted to address issues such as inconsistencies, gaps, and misalignment
across datasets. These processes are implemented for all weather parameters from August 2020 to July
2021, mentioned in section 3.4.4 as the chosen months for weather data in the simulation, using Python
and the Pandas library within the VS code environment.

The workflow, as shown in figure 9, begins with loading and inspecting datasets, followed by
standardizing date-time entries, filling missing values, validating each parameter, and ultimately merging
the cleaned datasets into a single cohesive weather dataset. Each of these steps is meticulously designed
to enable a smooth transition from raw data to inputs ready for simulation.
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Figure 9: Steps for Data Cleansing

3.5.2 Initial Loading and Inspection

The initial step involved loading and evaluating raw datasets for all months to assess their completeness,
consistency, and structure. The primary aim was to identify gaps, misaligned time entries, or parameter
discrepancies. This inspection was particularly vital for all months chosen meaning those with complete
datasets, which were August and September 2020 and March to July 2021, as well as the months with
incomplete data, including November and December 2020 and January 2021.

During this stage, metadata rows and extraneous headers in the raw files were eliminated to simplify
subsequent processing. Each dataset was checked for the presence of expected parameters, and
anomalies, such as columns with excessive missing values or inconsistently formatted parameters, were
flagged for correction. The structure of every file was evaluated to ensure uniformity, including
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standardized parameter naming conventions and properly formatted date and time columns. Meanwhile,
for datasets with gaps or misaligned date-time values, the extent of the missing data was quantified. This
analysis informed the preprocessing steps required to systematically address all anomalies.

3.5.3 Standardizing Date-Time and Addressing Missing Values

Once the datasets had been inspected, the next focus was on standardizing date-time entries across all
files. This step was essential to ensure accurate re-indexing and alignment for simulation purposes [50].
The date and time columns were combined into a single standardized column with a uniform format.
This process was applied to all monthly datasets, ensuring consistent time structures and complete hourly
coverage, meaning 1-hour interval, for each month.

For the months with incomplete data, the datasets were re-indexed to cover the full hourly range. Missing
entries were addressed through customized approaches, smaller gaps were interpolated using data from
neighboring values, while larger gaps were filled using supplementary data sourced from trusted
databases, mentioned in section 3.4.4.2. These additional datasets were preprocessed to ensure they
aligned with the original data, including consistent column names and synchronized date-time entries.

Note that special attention was given to solar irradiance parameters, GHI, DHI, and BNI, to preserve
their physical relationships. For instance, the sum of DHI and DNI was checked to ensure it did not
exceed GHI. Any inconsistencies were corrected to maintain both accuracy and physical plausibility.

3.5.4 Checking and Cleaning of Individual Parameters

After standardizing date-time entries and addressing missing values, individual parameters were checked
and refined. Outlier detection was conducted for all parameters to confirm their adherence to realistic
physical ranges [51]. For example, wind direction values were verified to fall within 0° to 360°, and air
pressure values were checked against typical atmospheric ranges of 950 to 1050 hPa. Values falling
outside these ranges were flagged and corrected using a combination of domain expertise and statistical
methods. For instance, extreme air temperature outliers were replaced with interpolated values derived
from adjacent data points. Similarly, irregular spikes or drops in wind speed were smoothed using
statistical imputation methods.

Note that the building orientation data, which was missing for specific periods in November, December,

and January, were double-checked, based on approach explained in section 3.4.2 to ensure that even
static parameters were accurately represented throughout the dataset.
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3.5.5 Final Compilation of Weather Data

Once all monthly datasets were cleaned and validated, they were consolidated into a single
comprehensive weather dataset spanning August 1 2020, 0.00 o’clock to July 31 2021, 23.00 o’clock.
This unified dataset ensured uniformity across all parameters and time indices.

The final validation step was conducted to confirm that the data was complete, consistent, and free of
residual anomalies. This included verifying the absence of missing values, ensuring parameters adhered
to their expected physical ranges, and confirming an uninterrupted date-time index. The final dataset was
then converted from csv to epw format to meet IDA ICE’s compatibility requirements, enabling seamless
integration into the simulation phase [32].

To integrate the dataset into IDA ICE, the Big Ladder Elements software was used for the conversion
process [52]. However, the software posed limitations in handling datasets spanning two different years
(2020-2021), as it does not allow weather parameters from separate years to be included in a single file.
To resolve this issue, a single annual year was arbitrarily selected within the software. Once chosen, all
predefined parameters associated with that year were removed, allowing for the input of the actual
measured weather data. The following parameters were successfully entered:

- Air pressure

- Wind direction
- Wind speed

- GHI

- DHI

- BNI/DNI

However, an additional issue arose with relative humidity and air temperature (dry-bulb temperature).
The Big Ladder Elements software automatically recalculates these values rather than allowing for direct
input. As a result, the software-generated values for these two parameters were retained in the final
dataset, as no alternative tool was available that could resolve this issue as well as this one while ensuring
epw file compatibility. Despite this limitation, the finalized epw file remained a reliable dataset, ensuring
compatibility with IDA ICE simulations.

The resulting dataset, saved as “Weather data.epw”, formed the foundation for subsequent simulation
stages, offering an accurate and consistent representation of weather conditions. This rigorous approach
to preprocessing ensured that the data met the specific requirements of the simulation software, laying
the groundwork for credible and robust results. With the weather dataset finalized, its integration into the
simulation environment marked the next critical step in the modeling process. The dataset became a key
input for the initial model development phase in IDA ICE, complementing other essential datasets such
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as building envelope details, HVAC system configurations, and internal heat gain assumptions. These
inputs collectively enabled the accurate replication of real-world conditions within the simulation
platform, ensuring the model captured the operational dynamics of Testbed KTH 2.0.

The transition from data validation to modeling highlighted the importance of precision and consistency
in the dataset. By ensuring that all parameters were aligned with simulation requirements and the dataset
was free from anomalies, the weather data provided a reliable foundation for constructing the baseline
model. This baseline model served as a starting point for evaluating energy performance and thermal
conditions, forming the basis for sensitivity analysis, model calibration, and further refinement in later
stages.

In Section 3.6, the initial model development phase would leverage the validated weather data and
complementary inputs to establish a robust framework for simulation. This phase would underscore the
critical link between meticulous data preparation and accurate energy modeling, ensuring that the
simulation outcomes could be trusted for subsequent project evaluations.

3.6 Initial Model Development

Following the completion of data collection and preprocessing, as discussed in Sections 3.4 and 3.5, the
next significant step involved developing an initial energy model for Testbed KTH 2.0 using IDA ICE.
This model served as a baseline reference to evaluate the testbed’s energy efficiency before calibration.
It provided a benchmark for further refinement by ensuring that the input parameters closely mirrored
real-world conditions. Through the integration of validated datasets, this stage aimed to build a solid
foundation for subsequent improvements, ensuring the accuracy and reliability of the simulation results.

The development of the model incorporated several key aspects, such as geometric and zoning structure,
material specifications, HVAC system setup, and internal heat gains. Each of these factors played a vital
role in shaping the overall thermal and energy performance of the building. It was crucial to maintain
consistency between previously processed data and the model configuration to achieve realistic
simulation outcomes. This section elaborates on the systematic approach followed to construct the initial
model, aligning it with real-world operational parameters and preparing it for subsequent enhancements.

3.6.1 Model Construction in IDA ICE

The energy model was built using IDA Indoor Climate and Energy (IDA ICE), a comprehensive
simulation tool tailored for detailed energy performance and thermal analysis, as outlined in Section 3.2.
The software’s ability to simulate complex airflow patterns, zoning arrangements, and energy
interactions made it highly suitable for replicating the dynamics of Testbed KTH 2.0. To ensure an
accurate representation of the building’s geometric structure and overall building envelope, the
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architectural plans of the testbed, available in Pdf format within the Building Management System
(BMS), were imported into IDA ICE. This import process enabled the seamless integration of essential
spatial and material data, including room layouts, zoning configurations, wall placements, and openings,
into the simulation environment. Additionally, the architectural documents provided comprehensive
information about the composition and material properties of key building envelope components,
including external and internal walls, roof structure, flooring systems, windows, and glazing properties.
These documents specified details such as material layers, insulation types, structural thicknesses, and
thermal performance characteristics, ensuring that the model accurately reflected real-world construction
specifications. By utilizing these predefined parameters, the IDA ICE model was developed with precise
geometric definitions and material configurations, allowing for a simulation that closely aligned with the
physical characteristics, thermal behavior, and energy performance of the actual testbed.

3.6.2 Geometric and Zoning Structure

The first stage in model creation involved defining the building’s geometric layout and zoning
configuration. Figure 10 demonstrates that the testbed is composed of four bedrooms, four bathrooms,
and a shared kitchen-living space, each modeled as individual thermal zones within the simulation.
Accurate zoning is crucial in energy modeling as it ensures that thermal variations across different spaces
are effectively captured. Defining precise zoning boundaries allows for a more realistic assessment of
temperature fluctuations and energy needs in various sections of the building. Additionally, it enables
refining the energy usage by tailoring HVAC operations to specific zone requirements.
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Figure 10: Zoning Layout of Testbed KTH 2.0 Modeled in IDA ICE

Beyond defining the geometric structure and zoning configurations, the building envelope plays a crucial
role in shaping the Testbed’s thermal performance. The material properties of walls, floors, and windows
were carefully considered to ensure realistic simulation outcomes, as detailed in the following section.
Meanwhile, the roof materials and construction are not considered in this study as the apartments are
embedded in the building body so the roof has no impact on the simulations.

3.6.3 Building Envelope & Material Properties

The building envelope has a significant influence on energy consumption and heat transfer. The materials
assigned to external walls, internal walls, flooring, and windows were carefully chosen to reflect realistic
construction properties, refining thermal performance and energy efficiency.

The external walls were modeled with multiple material layers to enhance insulation and improve
structural durability, shown in Table 3. Incorporating insulated materials in external walls helps minimize
heat exchange between indoor and outdoor environments. The choice of material composition impacts
the overall energy efficiency of the building by reducing unwanted heat gains in warm climates and heat
losses in colder conditions. Well-insulated external walls contribute to maintaining stable indoor
temperatures, thereby lowering the demand for active heating.
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External Walls
U-value [W/m?2.K] 0.474
Layers [-] Thickness [m]
Gypsum (1500 kg/m®) | 0.075
Light Insulation 0.05
Concrete 0.1
Concrete 0.1
Total Thickness [m] 0.325

Table 3: External Wall Main Properties

The internal walls were designed to control thermal interactions between different zones, ensuring
consistent indoor climate conditions across rooms. They play a critical role in separating conditioned
spaces, reducing the rate of heat transfer between adjacent rooms. The insulation, incorporated,
enhances indoor temperature stability by preventing abrupt thermal fluctuations. This design feature
helps maintain comfortable living conditions while improving energy usage in both occupied and
unoccupied zones. Table 4 shows how the internal walls were designed.

Internal Walls
U-value [W/m?.K] 0.5382
Layers [-] Thickness [m]
Gypsum 0.026
Light Insulation 0.043
Gypsum 0.026
Total Thickness [m] 0.095

Table 4: Internal Wall Main Properties
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As shown in Table 5, the next component was the flooring system, designed to limit heat transfer to the
ground, improving energy efficiency and occupant comfort. The well-insulated flooring materials help
prevent heat loss to the underlying ground, particularly in colder regions. The thermal properties of the
floor ensure that indoor temperatures remain stable, reducing energy expenditure for space conditioning.

Floor
U-value [W/m?2.k| 0.1156
Layers [-] Thickness [m]
Floor Coating 0.005
Concrete 0.2
Extruded Polystyrene 0.3
Total Thickness [m] 0.505

Table 5: Floor Main Properties

The windows, as the last component, were modeled to account for solar heat gains, insulation properties,
and daylight transmission effects. Windows significantly influence a building’s energy performance by
regulating solar heat gains and natural light penetration. The glazing type determines how much heat
enters or escapes through the windows, affecting overall thermal comfort. In this model, no shading
elements were assumed, meaning that windows play a dominant role in internal heat distribution.
Properly designed glazing solutions help balance natural lighting with thermal insulation, improving
energy efficiency. Tables 6 and 7 illustrate windows’ properties and geometry used in the model.

Window

Glass Type Pilkington Optifloat Clear
Glazing Properties at Reference Conditions Value

Total Solar Transmittance ( g/SHGC) [-] 0.68

Direct Solar Transmittance (Te) [-] 0.6

Light Transmittance (Tv) [-] 0.742

U-value of Glazing [W/m*.K] 1.8

Internal Emissivity [-] 0.837
External Emissivity [-] 0.837

Table 6: Window Properties and Glazing
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Window Geometry
Length [m] 2.148
Width [m] 1.088
Area [m?] 2.34

Table 7: Window Geometry

3.6.4 HVAC System Configuration

The HVAC system in the Testbed KTH 2.0 incorporates centralized air handling units (AHU), heat
recovery systems, and ventilation mechanisms to regulate indoor climate conditions across different
zones efficiently.

The Variable Air Volume (VAV) system was implemented in the shared kitchen-living space and
bedrooms to provide adaptive ventilation control. Unlike Constant Air Volume (CAV) systems, which
maintain a fixed airflow rate, VAV dynamically adjusts the air supply according to real-time occupancy
and thermal load variations. This flexibility allows for a more balanced distribution of conditioned air,
preventing unnecessary energy consumption while ensuring a comfortable indoor environment. The
bathroom ventilation system uses a Constant Air Volume (CAV) configuration to ensure a steady and
uninterrupted flow of air. Due to the high humidity levels in bathrooms from water usage, continuous
airflow is necessary to control moisture accumulation and maintain good air quality. This helps prevent
condensation-related issues such as mold growth. Unlike bedrooms and the shared kitchen-living space,
where airflow requirements change based on occupancy and activity, bathrooms need consistent
ventilation to uphold hygiene and comfort, making CAV the appropriate choice for these areas.

Also, temperature setpoints across different zones were determined using data from the Building
Management System (BMS). The setpoints for bedrooms and bathrooms range from 21°C to 24°C,
whereas the shared kitchen-living room is set slightly higher, ranging from 22°C to 25°C. This difference
accounts for variations in internal heat loads and occupancy dynamics. The bedrooms and bathrooms
tend to experience more stable indoor conditions due to fewer heat-generating activities and predictable
occupancy levels. In contrast, the shared kitchen-living room undergoes greater temperature shifts as a
result of changing occupancy, cooking activities, and additional heat sources from electronic devices and
lighting. The slightly higher setpoint range prevents unnecessary cooling while maintaining a
comfortable indoor environment, ensuring a balance between thermal comfort and energy efficiency.

By integrating these HVAC strategies, the system efficiently maintains proper ventilation, thermal
regulation, and air quality across all zones while aligning with real-world operational needs.
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3.6.5 Internal Heat Gains and Electrical Load Profiles

The internal heat gains, included the occupant presence, electrical equipment, and lighting usage,
collectively influenced the building’s thermal load, impacting heating and demands across different
zones.

The heat generated by occupants was modeled based on standardized occupancy profiles derived from
literature and student residence studies, ensuring that the simulation accurately reflected real-world
scenarios as much as possible without the sensor data. Since all residents were students, it was assumed
that their daily schedules were fairly uniform, meaning they left and returned at approximately the same
times. This approach allowed for a simplified yet realistic representation of heat contributions from
human presence, which fluctuated throughout the day.

Heat emissions from electronic devices were also considered as part of the internal loads. It was assumed
that each bedroom contained similar types of personal electronics, such as laptops, chargers, and other
small devices that consumed minimal electrical power (excluding lighting). Since all rooms followed a
similar usage pattern for these appliances, their impact on internal heat gains remained relatively
consistent across the bedrooms.

Also, the lighting schedule was closely aligned with the assumed occupancy patterns, meaning lights
were primarily used when residents were present. All bedrooms followed an identical lighting schedule,
and seasonal variations in lighting requirements (such as increased lighting usage during winter) were
not accounted for in the model. This assumption ensured a straightforward yet reasonable approximation
of lighting-based heat contributions within the simulation. While the bedroom schedules were assumed
to be identical, the shared kitchen-living room followed a separate occupancy and lighting profile due to
its distinct usage patterns. This was accounted for in the energy model, even though only the bedroom
schedules are shown here.

By incorporating these three internal heat gain sources into the model, the energy simulation provided a
realistic representation of the building’s thermal dynamics, ensuring that internal loads were distributed
accurately across different zones. As all the bedroom’s schedules are assumed identically, figures 11, 12
and 13 show bedroom 1’s occupancy, lighting and equipment schedules as example.
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Figure 11: Occupancy Schedule for Bedroom 1 in IDA ICE
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Figure 13: Equipment Schedule for Bedroom 1 in IDA ICE
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A comprehensive summary of the final parameter settings for all zones is presented in Figure 14.
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Total / m? 1602 17 01159 1933 3415 1087 1244 1.908

Figure 14: Final Settings for Testbed KTH 2.0 in IDA ICE
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The final parameter settings established in Figure 14 are fully integrated into the energy model of Testbed
KTH 2.0, ensuring a realistic representation of building envelope, thermal performance, internal heat
gains, and HVAC operations. This model, depicted in Figures 15 and 16, accurately reflects the zoning
structure, ventilation strategies, and internal heat gains loads, forming a robust foundation for calibration
and performance analysis.

Figure 15: Indoor View of Testbed KTH Layout 2.0 Modeled in IDA ICE

Figure 16: Testbed KTH Layout 2.0 Modeled in IDA ICE
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To complete the initial model setup, the validated weather dataset from Section 3.5.5 and the building
orientation from Section 3.4.2 were incorporated to ensure realistic simulation conditions. Additionally,
all the other parameters were double-checked to reflect the Testbed KTH 2.0 actual performance before
any calibration.

With these conditions in place, an initial simulation was conducted to analyze the baseline energy
performance and indoor temperature profiles under the given conditions. This phase was crucial in
examining thermal responses, ventilation effectiveness, and consumption trends before implementing
any refinements. However, noticeable gaps emerged between the simulation results and expected real-
world performance, suggesting that the model required adjustments to improve its accuracy.

To improve the model, it was necessary to determine which factors had the most significant influence on
its accuracy. Since the root causes of these deviations were unclear, a systematic evaluation was
performed to assess the impact of key input variables. Identifying the most critical parameters allowed
the calibration process to focus on areas causing the greatest discrepancies. This structured approach
ensured that refinements were precise, leading to improved predictive performance while maintaining
methodological transparency.

3.7 Sensitivity Analysis and Parameter Evaluation

Sensitivity analysis is conducted to determine which parameters had the greatest influence on the energy
model's outputs, specifically heating energy demand as one of the calibration indicators in this thesis.
This step was essential to focus the subsequent calibration process on the most impactful variables,
ensuring efficient refinement of the model while minimizing computational effort [53].

3.7.1 Objectives of Sensitivity Analysis

The primary objective of the sensitivity analysis is to systematically identify parameters that contributed
the high error observed and caused due to the simulated data during the baseline simulation [54]. These
discrepancies highlighted potential weaknesses in the assumptions used for internal heat gains and
HVAC system configurations. By quantifying the relative impact of these parameters, the sensitivity
analysis established a prioritized list of variables for calibration.

This prioritization was particularly important given the complexity of building energy models, where
numerous interacting factors influence overall performance. For example, changes in HVAC
configurations can interact with thermal properties of the envelope, creating a cascading effect on energy
demand. The sensitivity analysis, therefore, provided a robust framework for isolating the most critical
factors affecting the model's accuracy.
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3.7.2 Approach to Sensitivity Analysis

The analysis examined three categories of parameters:

1-HVAC System Settings:

These included supply air temperatures, ventilation airflows, heat recovery efficiency, and heating
setpoints. These settings directly impact the thermal energy supplied to different zones, air exchange
rates, and the efficiency of heat recovery from exhaust air.

2-Building Envelope Properties:

The thermal transmittance (U-value) of windows, to understand heat loss through the building envelope,
the solar heat gain coefficient (G-value) of windows for assessing how much solar radiation passes
through windows and contributes to heat gain inside the building, infiltration which refers to the
unintentional exchange of air between the indoor and outdoor environment through gaps, cracks, and
other openings in the building envelope, and insulation thickness, which influences the overall thermal
resistance of the building envelope, affecting heat transfer, energy consumption, and indoor temperature
regulation.

3-Internal Heat Gains:

Lighting, equipment usage, and occupant activities were modeled through standardized schedules to
estimate their impact on energy dynamics within the building.

Each parameter was varied independently across a predefined operational range of +20%, ensuring that
its influence on the energy model's performance could be isolated and accurately quantified [55]. By
keeping all other inputs constant during each variation, the analysis eliminated potential interactions
between parameters, allowing for a focused evaluation of individual effects on key outputs such as
heating energy demand and indoor temperature.

The +20% range was selected to reflect realistic variability in building operations and design
assumptions, ensuring the model remained practical while capturing significant deviations in parameter
values [56]. For instance, supply air temperatures and ventilation flow rates were adjusted within this
range to assess their effect on thermal regulation and energy use, while internal heat gains were varied
to represent changes in occupant behavior and equipment usage patterns. These controlled adjustments
provided valuable insights into how sensitive the model's outputs were to specific factors. This structured
method was instrumental in identifying parameters with the most significant influence on the model's
performance, enabling a prioritized approach for calibration. By isolating the impact of each parameter
within a consistent operational range, the analysis ensured a reliable and focused framework for
improving the model's accuracy.
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3.7.3 Sensitivity Index (SI) Calculation

To quantify the influence of each parameter, the Sensitivity Index (SI) was calculated using the following
formula from Heiselberg et al. [57]:

S.1. (%) = (Zme—min ) x 100 (1)

min

Where:

« Emax represents the energy demand at the maximum value of each parameter.

« Emin represents the energy demand at the minimum value of each parameter.

Equation 1 expresses the relative impact of each parameter as a percentage, allowing for a direct
comparison of their influence. Parameters with higher SI values were deemed more impactful,
highlighting their importance for calibration, which will be presented in table 8 in chapter 4, section 4.1.

3.7.4 Key Challenges Addressed

The sensitivity analysis also addressed several challenges, which are inherent in building energy
modeling:

Interdependencies Between Parameters:

HVAC configurations, internal heat gains, and building envelope properties often interact in ways that
complicate their individual contributions to energy demand. By isolating each parameter, the analysis
disentangled these interactions, ensuring accurate attribution of sensitivity.

Dynamic Effects of Internal Gains:

Internal heat gains vary significantly based on occupant behavior and lights and equipment usage. This
variability was accounted for by testing a range of standardized schedules and assumptions to assess their
influence on the model.
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Impact of Operational Ranges:

The analysis revealed how parameter behavior changes within different ranges. For example, small
variations in supply air temperature had a disproportionately large impact on heating demand at lower
temperatures, underscoring the importance of precise calibration.

3.7.5 Selection Parameters for Calibration

The initial approach for selecting calibration parameters was based on a balanced calibration across
different building components. [58] The aim was to choose parameters from three main groups, HVAC,
building envelope (BENV), and building occupancy and behavior (BEHV), to accurately represent the
building’s overall energy performance. This method provided a clear and organized calibration process,
helping to avoid overfitting and unnecessary computational complexity.

Initially, the plan was to select three parameters from each category, ensuring the calibration was both
broad and structured while keeping the process efficient and manageable. The reasoning behind this
approach was that including three parameters from each category would better capture the overall energy
behavior of the building, ensuring that adjustments were not overly concentrated on one aspect while still
allowing flexibility for impactful modifications.

Several factors made it necessary to adjust the selection method. The most important reason was that the
number of HVAC-related parameters with high Sensitivity Index (SI) values was significantly larger than
those in other categories. Since they had a far greater influence on heating demand than the building
envelope or internal heat gains, choosing only three parameters from this category would have meant
ignoring some high-impact variables. To ensure an effective calibration, it was necessary to prioritize
HVAC parameters more heavily than others.

For the Building Envelope (BENV) category, the selection was also constrained by practical
considerations. The external wall insulation thickness had already been validated using Building
Management System (BMS) data due to the fact that Testbed KTH 2.0 was well-insulated, meaning that
adjusting this parameter in the calibration was unnecessary. This left only three remaining envelope-
related parameters: window U-value, window G-value, and infiltration rate. However, the window U-
value was the only one with a high SI, while the others had lower impact, making it impractical to select
three parameters from this category as initially planned.

In the Occupancy and Behavior (BEHV) category, internal heat gains were assumed based on
standardized residential guidelines and prior research rather than measured data. Since these values were
not derived from real-world monitoring, calibrating them would not significantly improve the accuracy
of the model. However, one exception was shared kitchen-living room equipment gains, which had a
notable impact due to the large number of appliances in this space. Given that internal gains from
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occupants and other small appliances had negligible influence, this was the only internal heat gain
parameter selected for calibration.

3.8 Processing Measured Data for Calibration

For accurate calibration of a building energy model, the measured data used for comparison should be
reliable and well-processed. At this step, data was collected from sensors installed in Testbed KTH 2.0,
tracking three key variables meaning bedrooms’ temperatures, AHU supply and exhaust temperatures
and volumetric supply airflow rates. These datasets played a key role in calibrating simulated indoor
temperatures and space heating power. However, the raw sensor readings contained inconsistencies such
as irregular timestamps, missing values, and misalignment with simulation timesteps, requiring thorough
preprocessing before they could be used.

To clean and organize the data, Python-based processing techniques were applied using well-established
libraries. Pandas was used to manage and structure the datasets efficiently, while OpenPyXL facilitated
spreadsheet operations for resampling and alignment. To address missing values, Scikit-Learn
imputation methods were employed, ensuring that gaps were filled without introducing artificial
distortions. These steps helped refine the datasets, making sure they were properly formatted, cleaned,
and synchronized with the simulation timelines.

This section outlines the step-by-step approach taken to preprocess each dataset, ensuring consistency
across three simulation periods all in 2021.

o 1-Week Simulation: January 1, 00:00 — January 7, 23:00
« 1-Month Simulation: January 1, 00:00 — January 31, 23:00
« 3-Month Simulation: January 1, 00:00 — March 31, 23:00

Each dataset underwent resampling, realignment, and imputation, with methods tailored to its specific
characteristics. The upcoming sections discuss the challenges faced, initial data limitations, and the final
approach used to prepare the data for calibration. Meanwhile, figure 17, is a structured overview of the
step-by-step process for cleaning and preparing the measured data before calibration.

Data Collection and Issues Identified

}
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Bedrooms Temperatures Data Processing
(Resampling-Alignment-Imputation)

AHU Temperatures Data Processing
(Resampling-Alignment)

A 4

Volumetric Airflow Data Processing
(Resampling-Alignment-Imputation)

Heating Power Calculation

Final Processed Dataset

Figure 17: Data Processing Workflow for Measured Data Calibration

3.8.1 Cleaning Bedroom Temperature Data

Challenges in Raw Sensor Data

The bedrooms' temperature data, recorded by sensors in four different zones, exhibited several
inconsistencies:

« Irregular timestamps: Sensors did not record data at fixed intervals, causing misalignment with
the simulation timestamps [59].

« Missing values: Data gaps were observed due to intermittent sensor failures or connectivity issues [60]
[61].

. Artificial fluctuations: When initial interpolation techniques were applied, they introduced unnatural
oscillations in the temperature trends [62] [63].
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1) Initial Methods and Their Limitations

Earlier attempts to process the data relied on standard interpolation and regression-based imputation
techniques, but these methods introduced distortions:

. Linear and Spline Interpolation: These methods estimated missing values by generating smooth
curves through existing data points. However, they often overfitted temperature variations, creating
fluctuations that were not present in the original dataset [62] [63].

. Bayesian Ridge Regression Imputation: Applied to predict missing values, but it exaggerated minor
fluctuations, making the dataset appear more unstable than it actually was [60] [61].
2) Final Methods Used

To create a reliable dataset, a robust Python-based three-step approach was implemented:

2-1) Resampling with Mean Aggregation: Instead of using interpolation, the mean temperature for
each hourly interval was computed using Pandas, ensuring natural temperature trends without artificial
distortions.

2-2) Alignment with Simulation Timestamps: Pandas and OpenPyXL were used to merge the cleaned
dataset with the simulation timestamps, ensuring full consistency [59].

3-2) Hybrid Imputation for Missing Values: Pandas, OpenPyXL and Scikit-Learn were used for
missing values through the following methods.

« Forward Fill: Used for small data gaps to maintain logical continuity [50] [61].
« Rolling Mean Imputation: Applied to smooth transitions while preserving real variations [60] [50].

« K-Nearest Neighbors (KNN) Imputation: Used for larger gaps, leveraging historical data trends for
accurate estimations [60] [61].

Final Outcome

The cleaned measured temperature dataset became fully aligned to hourly timesteps and structured
according to the three simulation periods. This ensured accurate comparison with simulated indoor
temperatures during calibration.
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3.8.2 Cleaning AHU Supply & Exhaust Temperature Data

Challenges in Raw Sensor Data

Unlike the bedroom temperature dataset, the AHU sensor data was relatively complete but recorded at
half-hour intervals instead of hourly. This discrepancy prevented direct comparison with simulation
outputs and required precise resampling.

Final Cleaning Approach Using Python

« Resampling through Linear Interpolation: The temperature values were interpolated between
consecutive half-hour measurements to produce corresponding hourly values. This technique ensured
smooth transitions without distorting trends [62] [63].

« Alignment with Simulation Data: Using Pandas and OpenPyXL, the resampled dataset was structured
to match the simulation timestamps [59].

« No Imputation Required: Since the dataset was largely complete after resampling, additional
imputation was unnecessary.

Final Outcome

The AHU supply and exhaust temperature data was successfully resampled and aligned to an hourly
format, ensuring consistency with the simulation heating power calculations.

3.8.3 Cleaning Volumetric Supply Airflow Data

Challenges in Raw Sensor Data

The supply airflow dataset faced greater challenges due to irregular 10-minute timestamp intervals and
occasional missing values [59] [61]. Resampling and missing value handling were necessary to ensure
consistency carried out through Python with the same libraries in section 3.8.1.

Final Cleaning Approach

« Linear Interpolation for Resampling: Converted 10-minute data points into hourly values, ensuring
a uniform dataset [50] [62].

« Imputation Using Forward Fill & Rolling Mean: Missing values were addressed using a combination
of forward fill and rolling mean techniques, ensuring smooth transitions while retaining actual airflow
patterns [50] [60] [61].

48



Methodology

Final Outcome

The volumetric airflow dataset was successfully resampled, aligned, and imputed, preparing it for heating
power calculations.

3.8.4 Heating Power Calculation Based on Cleaned Data

Once the AHU temperature and airflow datasets were fully cleaned and aligned, they were used to
compute the actual heating power at each timestep using the following calculations:

1. Mass Flow Rate Calculation: [64]

. vSupp_ai‘r
Mgypp air = (—h)

1000 ar
2)

Where:

o Msupp air: Supply air mass flow rate (kg/s)

« Viupp air: Supply air volumetric flow rate (I/s)

e Pair. Air density (1.225 kg/m?)
2. Heating Power Calculation: [65]

Q[kW] = r.nsupp_air X Cp X (TSupp — TExn)
3)

49



Methodology

Where:

o Tsupp = AHU supply air temperature (°C)

o Texn = AHU exhaust air temperature (°C)

« C, = Specific heat capacity of air (1.005 kJ/kg-K)

Note that Cp, is assumed as constant value due to the following reason:

Isobaric Heat Capacity (Cp) of Air at 1 bar

Cp (kJ/kg-K)

1.15}

= Air Cp at 1 bar

0 500 1000 1500 2000 2500

Temperature (°C)

Figure 18: Variation of Cp_Air with Temperature at 1 bar

The specific heat capacity of air at constant pressure (Cp) can change depending on temperature and
pressure. However, to keep calculations straightforward while still being accurate, HVAC applications
and building energy models typically assume it as a constant. Since the AHU system in this study operates
at nearly atmospheric pressure (~1 bar), any temperature-related variation in Cp is minimal.

50



Methodology

Looking at the specific heat capacity graph in Figure 18 [67], it is clear that at 1 bar, Cp doesn’t fluctuate
much across moderate temperature ranges. The AHU system used in this study deals with a low
temperature difference between supply and exhaust air temperatures, so within this window, Cp remains
fairly stable, meaning any change is too small to cause noticeable errors in heating power calculations.
In Figure 18, the temperature range from 0 to 40°C is highlighted to emphasize the specific portion of
the curve relevant to this study, where Cp is treated as constant. As is evident, when air pressure is at 1
bar, Cp stays close to 1.005 kJ/kg-K, with only minor deviations that can be ignored in practical
scenarios.

This assumption also aligns with ASHRAE guideline and industry standards, which set Cp = 1.005
kJ/kg-K for air at normal atmospheric conditions. It is widely applied in HVAC calculations, building
energy models, and heat transfer simulations to improve computational efficiency while keeping the
results accurate. While using a temperature-dependent Cp function could slightly refine precision, the
variation within the AHU system’s operating range is less than 1%, so adjusting for it would not make
much of a difference [65] [66] [67].

With all these considerations, treating Cp as a constant value of 1.005 klJ/kg-K for heating power
calculations is both scientifically justified and consistent with established engineering practices. By
simplifying the formula without sacrificing accuracy, this approach ensures that the calibration results
remain both valid and reliable. Finally, the calculated Heating Power, Q [kW] values were then compared
timestep by timestep against the simulated heating power data to assess calibration accuracy, which will
be explained how to be compared and validated in section 3.9.4.

3.9 Calibration Process and Validation

The calibration process was a critical phase in ensuring that the simulated space heating power and indoor
temperatures of the bedrooms’ trends in Testbed KTH 2.0 accurately reflected real-world measured data.
The calibration phase involved systematically refining input parameters through a process of iterative
adjustments, comparisons, and validations, following ASHRAE 14 guideline. The procedure was divided
into three key stages all in the heating season in 2021 [24].

« 1-Week Simulation: Implemented adjustments on both high-impact and low-impact selected
parameters, according to table 4 in section 4.1, to correct significant discrepancies in the early stages.

« 1-Month Simulation: Focused more on fine-tuning low-impact parameters while ensuring that
previously adjusted high-impact parameters remained stable for the most part.

« 3-Month Simulation: Applied final refinements, modifying only low-impact parameters to prevent
unintended fluctuations and variations in key variables due to their high sensitivity. Each calibration
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stage followed a structured iterative process. The detailed step-by-step workflow used for validation is
presented in figure 19 in Section 3.9.4.

Meanwhile, the calibration was carried out manually using an hourly time resolution, meaning that
simulated space heating power and bedrooms’ temperature values were compared to measured data at
each hour. This method made it possible to closely monitor short-term variations, ensuring that
adjustments were based on immediate fluctuations rather than averaged daily or monthly patterns [10].
The decision to use hourly calibration was driven by the availability of high-frequency measured data,
which provided a detailed and reliable reference for fine-tuning the model with precision.

3.9.1 1-Week Calibration: Initial Refinements

The first phase of calibration, conducted over a 1-week period (January 1, 00.00 —January 7, 23.00),
involved addressing both major and minor deviations in heating power and temperature distributions.

Adjusted Parameters:

« High-Impact Modifications:

-Maximum supply air temperature

-Minimum airflow in shared kitchen-living room
-Air heat recovery efficiency

-Minimum supply air temperature

« Low-Impact Modifications:

-Minimum airflows in all four bedrooms
-Window U-value

-Shared kitchen-living room equipment gains

-Bathroom airflows

Before calibration, uncalibrated simulations revealed that heating power was overestimated, so adjusting
high-impact parameters helped reduce these errors to large extent, bringing the simulated values closer
to real-world conditions. In addition to major adjustments, low-impact parameters were refined to
enhance temperature consistency across different zones. Modifications to bedroom airflows and window
U-value helped smooth out variations between rooms. Several iterative simulation runs were conducted,
making incremental adjustments at each step until deviations were reduced to an acceptable level.
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3.9.2 1-Month Calibration: Model Refinement

Following the calibration for 1-week simulation, the next step was to evaluate model accuracy over a
longer period through a 1-month simulation (January 1, 00.00-January 31, 23.00). Since the largest
discrepancies had already been corrected, this phase focused more on fine-tuning minor parameters while
keeping major parameters stable.

Refinements Applied:
« Further adjustments to bedroom airflows to improve temperature consistency.
. Tweaking window U-value to better represent heat loss behavior.

« Adjusting shared kitchen-living room equipment gains to ensure internal heat loads were properly
accounted for.

« Continuously monitoring high-impact parameters to prevent unwanted deviations.

By this stage, the model was significantly more accurate, with heating power closely mirroring measured
data. Some minor inconsistencies persisted in certain timeframes, prompting additional refinements in
internal heat gains and airflows. The process continued iteratively, with repeated simulations until
deviations were consistently within acceptable validation limits.

3.9.3 3-Month Calibration: Final Refinements

The final calibration phase, which was the main one for the heating season, extended the simulation to a
3-month period (January 1, 00.00-March 31, 23.00) to verify that the model remained stable over time.
Since high-impact parameters had already been adjusted and showed the high sensitivity, only low-
impact parameters were fine-tuned in this phase.

Final Adjustments Applied:

. Last refinements to bedroom airflows to maintain temperature balance.

« Minor adjustments to bathroom airflows to ensure accurate ventilation settings.

« Fine-tuning of shared kitchen-living room equipment gains to align with expected heat loads.

At this point, the model was stable, with previously calibrated parameters remaining consistent. The final
refinements ensured that room-level heating trends and airflow distribution were as accurate as possible.
No major deviations were detected, confirming that the model had reached the required level of precision.

53



Methodology

3.9.4 Step-by-Step Validation Process

The calibration validation process followed a structured, iterative approach to systematically refine the
model based on real discrepancies. Figure 19 provides an overview of this step-by-step process, ensuring
clarity in parameter adjustments and performance validation for each simulation stage [12].

Baseline Model Simulation

\ 4

Comparing Simulated and Measured Data
(through MBE and CV(RSME))

\ 4

Identifying the Discrepancies

\ 4

Determining Influential Parameters

\ 4

Applying Controlled Adjustments

\ 4

N
Re-running Simulation and Evaluating
Improvements

J
\ 4

é N

Validating MBE and CV(RSME) Based
on ASHRAE 14

\ J
A 4

é N

Final Calibrated Model
\ J

Figure 19: Iterative Calibration and Validation Workflow for Model Refinement
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Figure 19 visually outlines the structured approach used in the validation process. Each stage required
iterative refinements, ensuring that parameter modifications were based on systematic evaluations rather
than assumptions [24]. To break this process down further, the following steps highlight how each
simulation was executed, analyzed, and improved.

1. Running the simulation for the target period (1-week, 1-month, or 3-month) and collecting heating
power and temperature data.

2. Comparing simulated vs. measured results to detect discrepancies in energy trends.

3. Adjusting influential parameters to correct deviations.

4. Re-evaluating improvements after each adjustment cycle to ensure gradual convergence toward real-
world performance.

5. Repeating the process iteratively until simulation errors were minimized and the model achieved
validation thresholds based on ASHRAE 14 standards [68].

The Mean Bias Error (MBE) and Coefficient of Variation of RMSE (CV(RMSE)) were used as
quantitative validation metrics, ensuring that parameter adjustments followed ASHRAE 14 guideline for
calibration [51].These formulas provided a statistical basis for accepting or rejecting calibration
iterations, verifying that the final model accurately reflected real-world performance. According to
ASHRAE 14 guideline, the acceptable thresholds for hourly calibration, implemented in this study,
require the Mean Bias Error (MBE) to be within £10% and the Coefficient of Variation of RMSE
(CV(RMSE)) to be below 30%. These criteria serve as key benchmarks to determine whether the model’s
simulated results align closely with real-world measured data.

1. Mean Bias Error, (MBE(%)):

N
Zi=p1 m; — Si)
Np
i=1

MBE (%) = x 100

m;

“)
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2. Coefficient of Variation, (CV(RMSE)(%)):

X 100

\/Zlivfl(mi —51)%/N,
CV(RMSE) (%) = —

)

Where:

« M;=Measured data at time step i

Si = Simulated data at time step i

Np = Total number of data points

« ™M = Mean of measured values

The calibration results were evaluated against ASHRAE 14 standards to confirm the model's accuracy in
predicting heating system performance.

3.9.5 Challenges and Key Refinements

Several challenges were encountered during calibration, requiring specific refinements to improve
accuracy. Key issues and their solutions are summarized below:

Overestimated Heating Power in Early Stages

« Cause: Incorrect airflow settings increased heating demand.

« Solution: Adjusted minimum airflows and supply air temperature to align with real conditions.
Temperature Spikes Did Not Match Measured Data
« Cause: Simulated thermal response lagged behind actual trends.

« Solution: Adjusted window U-value and heat recovery settings to refine heat retention dynamics.
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High Sensitivity in Later Stages
. Cause: Large parameter changes in early phases led to unexpected variations.
« Solution: Limited modifications in the 3-month calibration to maintain stability.

By systematically identifying and addressing these challenges, the three-phase calibration process
ensured that refinements were made gradually and strategically, with each adjustment based on observed
data rather than arbitrary changes. By following a step-by-step validation process, the final model
successfully met ASHRAE 14 standards, confirming its accuracy and reliability for energy and
temperature analyses.
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Results and Analysis

4.1 Sensitivity Analysis Results

This section presents the numerical findings from the calibrated heating energy model, with a focus on
temperature predictions and space heating power estimations. The objective is to analyze how well the
model reflects actual building performance by comparing the simulation results with real-world data.
The assessment begins with Sensitivity Analysis, which examines the most influential parameters
affecting indoor temperature fluctuations and heating demand. Table 8 depicts the ranking of the
parameters based on their impact with respect to sensitivity analysis results, SI.

Type Parameter SI [%]
1 HVAC Maximum supply air temperature 21.22
2 HVAC Shared kit-living room minimum airflow 14.05
3 HVAC Heat recovery efficiency 11.57
4 HVAC Minimum Supply air temperature 4.2
5 HVAC Bedroom 1 minimum airflow 4.04
6 HVAC Bedroom 3 minimum airflow 3.95
7 HVAC Bedroom 2 minimum airflow 3.85
8 HVAC Bedroom 4 minimum airflow 3.85
9 BENV Insulation thickness ( external wall ) 2.44
10 BENV Window U-value 1.26
11 BEHV Shared kit-living room equipment gains 1.18
12 HVAC Bathrooms airflows (constant) 0.83
13 BEHV Bathrooms equipment gains 0.63
14 BEHV Bathrooms occupant gains 0.6
15 BENV Window G-value 0.6
16 BEHV Shared kit-living room occupant gains 0.44
17 BEHV Bedrooms occupant gains 0.39
18 BEHV Bedrooms equipment gains 0.3
19 BEHV Bathrooms light gains 0.2
20 BEHV Bedrooms light gains 0.05
21 BENV Infiltration 0.05
22 BEHV Shared kit-living room light gains 0.01
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23 HVAC Shared kit-living room maximum airflow 0
24 HVAC Bedrooms maximum airflows 0
25 HVAC Shared kit-living room heating setpoint 0
26 HVAC Bedrooms heating setpoint 0
27 HVAC Bathrooms heating setpoint 0

Table 8: Sensitivity Analysis Results and Parameters Selected

The results from the sensitivity analysis reveal clear distinctions between highly influential parameters
and those with minimal impact on heating demand. The analysis confirms that HVAC system settings
play the dominant role in indoor temperature regulation and energy performance, while building
envelope properties and internal heat gains contribute significantly less which aligns with the study’s
focus on the performance of the AHU.

Key Influential Parameters:

Maximum Supply
Air Temperature

Shared kit-liv
Minimum Airflow

\ J
( N
Heat Recovery
Efficiency
\ J
e N

Minimum Supply
Air Temperature

\ y
e ™
Bedrooms Minimum
Airflows
\ y

Figure 20 : Highly Impactful Parameters
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Maximum Supply Air Temperature (SI =21.22%) emerged as the single most critical factor affecting
heating demand. This is expected since air supply temperature directly controls indoor thermal
conditions, a higher temperature increases heat input, while a lower temperature requires additional
heating to maintain comfort. Even small adjustments to this parameter cause noticeable variations in
energy consumption, reinforcing its importance in model calibration.

Shared Kitchen-living Room Minimum Airflow (SI =14.05%) was the second most influential factor
in the analysis. This large common area experiences frequent movement and high ventilation rates,
leading to greater heat loss. Greater airflow forces the HVAC system to put in extra effort to make up
for the lost heat, making this an essential factor to adjust when refining the model.

Heat Recovery Efficiency (SI = 11.57%) plays a key role in maintaining indoor heat retention. By
capturing and reusing heat that would otherwise be lost, it helps reduce energy consumption while
keeping the space at a comfortable temperature The results confirm that higher heat recovery efficiency
reduces heating demand, making it an essential calibration parameter.

Minimum Supply Air Temperature (SI =4.2%) also had a moderate impact in the analysis. While not
as influential as the maximum supply air temperature, it still affects the lowest temperature at which
heated air enters indoor spaces. If set too low, the system needs to work harder to maintain a comfortable
indoor climate, increasing energy demand.

Beyond these top-ranking factors, bedrooms’ minimum airflows showed moderate sensitivity (SI =

3.85% —4.04%), confirming that smaller enclosed spaces contribute to overall heating demand, but less
than shared areas due to lower occupancy and air exchange rates.

Moderately Influential Parameters:

e )
Insulation Thickness

(external wall)

Internal Heat Gains

Figure 21 : Parameters with Moderate Impact
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External Wall Insulation Thickness (SI = 2.44%) had the highest influence among building envelope
properties, confirming that wall insulation contributes to reducing heat loss, though to a lesser degree
than HVAC factors. Window U-value (SI = 1.26%) had a surprisingly low impact. While improved
glazing can reduce heat loss, ventilation and air supply settings had a much stronger effect on heating
demand in this model.

Internal Heat Gains (SI < 2%) contributed minimally to space heating reductions. The highest impact
was observed in the shared kitchen-living space (SI = 1.18%), due to cooking appliances generating
additional heat. However, bedrooms and bathrooms had near-zero influence, confirming that internal
gains alone do not significantly reduce heating demand.

Negligible-Sensitivity Parameters:

4 N
Infiltration Rate

\ y

4 N

Heating Setpoints

Maximum Airflows

Figure 22 : Parameters with Minimal to No Impact

Infiltration Rates (SI = 0.05%): the building is well-sealed, air leakage is already minimal, meaning
further adjustments to infiltration rates would not lead to significant energy savings.
Certain parameters were found to have no measurable impact on energy performance, with an SI of 0%:

Heating Setpoints: This result indicates that temperature settings remained stable, meaning adjusting
setpoints did not affect heating demand.

Maximum Airflow Limits: The fact that these values had no impact suggests that ventilation never
reached extreme limits under normal operation, making these settings irrelevant for calibration.

The sensitivity analysis provided a clear foundation for the calibration process by highlighting which
parameters needed adjustments and which had no meaningful effect. Instead of modifying all variables,
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calibration focused only on the most influential ones, as shown in table 9 in section 4.2. This targeted
approach ensured efficient model refinement, leading to more accurate bedrooms’ temperatures and
space heating predictions without unnecessary modifications.

4.2 Final Selection Method and Chosen Parameters

To ensure calibration focused on the most impactful and practically adjustable parameters, the final
selection approach prioritized high-SI values while considering the constraints identified. Instead of
forcing a fixed number of parameters per category, the selection was adjusted to:

1-Prioritize HVAC parameters, as they had the strongest influence on energy performance.

2-Select only the most relevant Building Envelope parameter (Window U-value), since others had limited
impact or were already validated.

3-Limit Internal Gains selection to the shared kitchen-living room equipment gains, as other internal heat
gain factors were assumption-based and had minimal influence.

The final selection of calibration parameters is presented in table 9, which summarizes the parameters
selected for the calibration based on their sensitivity and practical relevance.

Selected Parameter

[y

Maximum supply air temperature

Shared kit-living room minimum airflow

Air Heat recovery efficiency

Minimum Supply air temperature

Bedroom 1 minimum airflow

Bedroom 3 minimum airflow

Bedroom 2 minimum airflow

Bedroom 4 minimum airflow

O o0 | O | K| W N

Window U-value

p—
(e

Shared kit-living room equipment gains

p—
p—

Bathrooms airflows (constant)

Table 9: Parameters Selected for Calibration
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4.3 Bedroom Temperature Anaysis

Accurate temperature modeling is crucial for assessing how effectively a calibrated energy model reflects
real-world conditions based on the goal of this study. Since bedrooms are key living areas, it is especially
important to predict their thermal performance accurately to ensure both comfort and energy efficiency.
In this section, the simulated temperatures for all four bedrooms with actual measured data across 1-
week, 1-month, and 3-month simulation periods are compared. This comparison allows to evaluate the
calibration process's effectiveness and identify any remaining discrepancies between the model’s
predictions and actual performance. By reviewing temperature patterns over these various timeframes,
this section offers a comprehensive analysis of the model's accuracy and pinpoints where the predictions
are spot on or where they diverge from real data.

4.3.1 1-week Temperature Analysis

Temperature Comparison - Bedroom 1
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Figure 23: Simulated vs. Measured Temperature for Bedroom 1

Temperature Comparison - Bedroom 2
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Figure 24: Simulated vs. Measured Temperature for Bedroom 2

63



Results and Analysis

Temperature Comparison - Bedroom 3
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Figure 25: Simulated vs. Measured Temperature for Bedroom 3
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Figure 26: Simulated vs. Measured Temperature for Bedroom 4

The 1-week temperature analysis of four bedrooms shows a consistent gap between actual recorded
temperatures and those predicted by the simulation. Across all rooms, the measured temperatures (blue)
are always higher than the simulated ones (orange), with the biggest differences appearing at night. This
indicates that the model may not fully reflect the combined effects of heat retention, heat loss caused by
ventilation, and internal heat contributions. The discrepancy might arise from how these factors, heat
gains, airflow dynamics, and thermal mass, are represented in the simulation, leading to lower predicted
temperatures compared to actual measurements.

In Bedroom 1, as shown in figure 23 the simulated temperatures generally follow the measured values

but stay consistently lower. The difference is most obvious at night, while the actual temperature declines
gradually, the simulated temperature drops more sharply. This could mean that the model assumes higher
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heat loss than what happens in reality. Another possible reason is that internal heat sources, such as
occupants and electronic devices, as they are based on assumptions in this study due to the lack of data,

are not fully factored into the simulation, causing the predicted temperatures to be lower than they should
be.

A similar trend appears in figure 24 for Bedroom 2. The recorded temperature shows a slow, steady
decline over the week, while the simulated values remain more stable but lower. This could be linked to
the behavior of the ventilation system. The Testbed KTH 2.0 uses a Variable Air Volume (VAV) system
that adjusts airflow depending on occupancy and heating needs. If the simulation does not accurately
reflect how the system operates in reality, the predicted temperatures could differ from the measured
ones, especially when ventilation is reduced during periods of lower activity.

Figure 25 shows that the temperature mismatch is even more noticeable in Bedroom 3, particularly in
the second half of the week. It predicts a fairly steady temperature, but the actual readings show
noticeable ups and downs, particularly during the daytime. Since Bedroom 3 is south-facing, solar heat
gains could contribute to the observed daytime temperature fluctuations and changes in occupant
behavior or other minor thermal effects that the simulation does not entirely capture may also play a role..
Additionally, these fluctuations might also stem from real-world factors that were not monitored, such
as window and door openings or occupant movement, though their precise effect remains uncertain due
to the absence of recorded data.

A similar pattern emerges in Bedroom 4, where, as depicted in figure 26, the model continuously predicts
lower temperatures compared to real measurements, potentially due to the influence of solar radiation on
this south-facing room.The most noticeable differences occur during specific periods of lower indoor
temperatures, suggesting that the simulation may be overestimating heat loss or not fully capturing the
effectiveness of the heat recovery system. Since the testbed does include a heat recovery feature, an
underestimated efficiency in the model would naturally result in simulated temperatures falling more
than what is actually recorded.

4.3.2 1-month Temperature Analysis

Temperature Comparison - Bedroom 1
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Figure 27: Simulated vs. Measured Temperature for Bedroom 1
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Temperature Comparison - Bedroom 2
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Figure 28: Simulated vs. Measured Temperature for Bedroom 2
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Figure 29: Simulated vs. Measured Temperature for Bedroom 3
Temperature Comparison - Bedroom 4
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Figure 30: Simulated vs. Measured Temperature for Bedroom 4

The 1-month temperature evaluation of four bedrooms reveals a mix of similarities and differences
between real-world measurements and simulated data. While the general trend aligns, noticeable gaps
appear in temperature intensity, fluctuation patterns, and peak values. These differences indicate that the
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certain real-life influences are not fully captured in the simulation model. Since each bedroom exhibits
unique temperature behavior, they are analyzed individually.

For Bedroom 1 shown in figure 27 , the simulated temperature largely follows the observed trend but
fluctuates between overestimating and underestimating actual values throughout the month. In the early
days, the measured temperature gradually drops, whereas the simulation remains relatively stable,
creating a visible divergence. However, from January 10 onward, there are occasional instances where
the simulated values exceed the recorded ones. Despite this, the simulation mostly underestimates actual
temperatures. One noticeable distinction is that the recorded temperature shows more frequent and
pronounced variations, while the simulation follows a more consistent and leveled pattern. This shows
that the model does not fully capture quick temperature changes, seen in the meaured plot, possibly due
to the internal heat contributions, thermal retention, or airflow cycles. Also, there are some fluctuations
observed in the recorded temperature, such as sudden ups and downs, which are less illustrated in the
simulation. This suggests that heat retention or air exchange are not fully accounted in the simulation.
Factors like human presence, electrical appliance usage, or the thermal inertia effect could be influencing
the actual temperature more than the model predicts, leading to discrepancies between measured and
simulated data.

For Bedroom 2, the simulation initially records lower temperatures than the actual readings. However,
as that is obvious in figure 28, from January 5 onward, the trend reverses, with simulated values
exceeding the real-world data. This consistent overestimation indicates that the model might not fully
represent heat loss mechanisms, or that the air exchange process does not accurately mirror real
conditions. A distinct observation is that the simulation does not capture the extent of temperature drops
during nighttime, especially between January 5 and 20. The recorded data shows more significant
declines at night, while the simulation maintains a steadier pattern. This suggests that the rate of heat loss
or ventilation might be modeled differently from reality. Furthermore, unlike the other rooms, Bedroom
2 shows fewer sharp temperature spikes in the recorded data, indicating a more stable thermal behavior.
This could be attributed to the room’s position in the building, its insulation quality, or reduced exposure
to external heat variations.

In Bedroom 3, as it is located in south, so it receives significant sunlight exposure, which highly impacts
its temperature fluctuations. As shwon in figure 29, the measured-temperature plot often shows higher
daytime temperatures than the simulated one, illustrating that the actual absorption of solar heat is greater
than what the model assumes. One notable inconsistency lies in how temperature variations unfold over
time. The meaured temperature indicates gradual, steady variations, while the simulated one shows more
sudden ups and downs, particularly after January 22. This suggests that the model may be overestimating
how rapidly the room responds to external temperature shifts, leading to exaggerated fluctuations.

Similar to Bedroom 3, Bedroom 4 also faces south, and actual recorded temperatures during the day are
consistently higher than what the simulation projects, shown in figure 30. This further suggests that the
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simulation does not fully account for the extent of solar heat accumulation. After January 22, a clear
pattern emerges where the simulated data starts exhibiting sharp, recurring fluctuations, while the real-
world measurements remain relatively steady. This difference implies that the model may be overly

sensitive to external conditions, exaggerating the temperature shifts in a way that does not accurately
reflect actual environmental stability.

4.3.3 3-month Temperature Analysis

Temperature Comparison - Bedroom 1
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Figure 31: Simulated vs. Measured Temperature for Bedroom 1
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Figure 32: Simulated vs. Measured Temperature for Bedroom 2
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Figure 33: Simulated vs. Measured Temperature for Bedroom 3
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Temperature Comparison - Bedroom 4
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Figure 34: Simulated vs. Measured Temperature for Bedroom 4

The three-month temperature simulation represents the main analysis of this study, as it directly aligns
with the study’s objective with respect to the bedrooms’ temperatures in the heating season. The
following section presents detailed observations for each bedroom, ensuring accuracy based on the
study’s goal.

Figure 31 for Bedroom 1, from January to early February, shows that the simulated temperature stays
slightly above the measured values, indicating that the model accounts for heat retention differently than
what is actually observed. The actual environment experiences stronger temperature changes, likely due
to intermittent heat gains from occupancy and external conditions, which the model does not fully
capture. However, between February 12 and February 25, the recorded temperature exceeds the
simulated values. This suggests that the model may not fully capture certain heat gains or might be
overestimating heat loss during this period. As of February 12, the measured temperature shows greater
variation, while the simulated trend remains more stable and consistently rising. The increase in
measured variability suggests that the actual environment experiences stronger temperature changes,
likely due to intermittent heat gains from occupancy and external conditions, which the model does not
fully capture. After February 25, the simulated temperature moves above the measured readings and stays
consistently higher until March ends. This pattern suggests that the model retains more heat than what is
observed in actual conditions due to the fact that it may underestimate heat dissipation or misrepresent
ventilation effects, causing temperatures to remain higher than measured values.

As illustrated in figure 32, the simulated and measured temperatures initially align in early January in
Bedroom 2. However, from January 5 onward, the recorded temperature starts to decline at a slow pace
while still maintaining a similar overall trend to the simulation until around February 10. After February
10 to February 25, the measured and simulated temperatures remain relatively aligned, before the
simulated temperature starts consistently exceeding the measured values from February 26 onward, with
the difference growing larger in March. The lack of sharp temperature drops in the simulated data
indicates that the model assumes a more uniform heating process, while real-world conditions introduce
more variability through changes in ventilation settings and air circulation. The steady increase in
simulated temperatures from late February onward, while the measured values remain lower, suggests
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that the model assumes heat retention stronger than it actually is, possibly due to misrepresentation of
building thermal mass effects.

Bedroom 3, as mentioned before which is located in south and, experiences greater solar exposure,
leading to larger temperature variations. Through figure 33, can be observed that the measured and
simulated temperatures follow a similar pattern until January 23. After this point, the simulated values
begin fluctuating significantly, while the recorded temperatures remain more stable. This difference
implies that the model may overstate the extent to which the room reacts to solar heat or apply ventilation
settings that do not align with real-world behavior. After February 25, the simulation starts displaying
large temperature swings, often exceeding 26°C, whereas the measured data presents a more stable and
gradual rise. These sharp peaks in the simulation suggest that the model anticipates heat absorption at a
faster rate than actually occurs. The variation could stem from differences in how the model interprets
solar radiation effects or internal thermal storage. Additionally, the short-term spikes in simulated
temperatures indicate that the model applies ventilation dynamics in a way that amplifies oscillations
beyond what is observed in the measured data.

Similarly, Bedroom 4 exhibits noticeable differences between measured and simulated temperatures,
which is obvious through figure 34. Until January 23, the recorded temperature remains relatively steady.
After this date, more variations appear, coinciding with environmental changes.. The simulated values
begin exhibiting exaggerated fluctuations, particularly from February 26 onward, indicating that the
model is predicting higher heat retention. From February 26 until the end of March, the simulated
temperature surpasses the measured values, with peaks occurring mostly after February 26 and remaining
high, roughly except for March 10—14, where values temporarily stabilize. In contrast, the measured
values maintain a more moderate range, suggesting that the model assumes a more immediate thermal
response compared to the actual heat retention of the room. The simulated temperature also shows abrupt
variations during certain periods, while the measured data maintains a more controlled decline.

4.4 Heating Power Analysis

According to the main objective of this study, accurately modeling heating power delivered by AHU is
also essential for assessing the energy performance of a calibrated building model and making that as
close as possible to the Testbed KTH 2.0. The amount of heating power used directly indicates how the
system reacts to thermal demand, making it a key element in assessing energy efficiency and overall
system performance. This section compares the simulated heating power with actual data over 1-week,
I-month, and 3-month simulations. Analyzing the data progressively helps determine how accurately the
model represents real heating behavior, reveals inconsistencies, and evaluates how well the calibration
captures shifts in heating demand. By examining heating power trends over these periods, this analysis
ensures a comprehensive assessment of the model’s accuracy and highlights areas where deviations from
actual data may occur.
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4.4.1 1-week Heating Power Analysis

Space Heating Power Comparison - Testbed KTH 2.0
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Figure 35: Simulated vs. Measured Space Heating Power

The analysis of heating power over the first week of January indicates that both the simulated and
measured values follow a similar pattern. However, some variations can be observed at specific points
during the timeframe.

As demonstrated in figure 35, from January 1 at 00:00 until January 3 at 13:00, the simulated heating
power remains consistently higher than the actual recorded values. This variation likely results from
differences in how the model interprets heating demand adjustments. While the actual system
continuously adapts to both internal and external factors, the simulation follows a more consistent and
steady heating pattern. Although the actual system continuously adapts to both internal and external
influences, the simulation assumes a more stable and predictable heating response.

From January 4 onward, the simulated and measured values generally follow a similar trend, suggesting
that the model captures the broader heating behavior effectively. This alignment indicates that the
simulation represents the primary heating patterns well, likely due to similar indoor conditions and
heating system operation. However, specific hours show distinct deviations:

« On January 3 and January 5 at 05:00: the measured heating power experiences a significant drop, due
to the milder temperatures. This change results in reduced supply airflow, subsequently lowering heating
demand, an effect that is not entirely reflected in the simulation.

« Between January 3 at 13:00 and January 4 at 00:00: the recorded heating power remains below the
simulated values. This difference likely stems from how the model estimates heating demand, as it may
assume a greater heat input than what is actually required in real conditions.
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. January 5 at 16:00 to January 6 at 04:00 : During this period, the recorded heating power fluctuates
more than the simulated values and also lower. This difference could be due to short-term ventilation
modifications or temporary changes in the heating system’s operation that the model does not fully
reflect.

. January 7 at 04:00 : At this time, the measured heating power surpasses the simulated values, indicating
a temporary spike in real heating demand that the model does not account for. These variations may stem
from airflow adjustments, occupant activity, or specific changes in heating system settings during this
period.

By the closing phase of the period (January 7-8), both datasets remain closely aligned, confirming that
the model effectively represents the overall heating pattern. However, the short-term fluctuations at
specific points highlight areas where the simulation could better reflect dynamic variations in heating
power, especially in response to airflow changes and internal heat loads.

4.4.2 1-month Heating Power Analysis

Space Heating Power Comparison - Testbed KTH 2.0
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Figure 36: Simulated vs. Measured Space Heating Power

The heating power analysis in the entire month of January, as shown in figure 36, reveals that the
simulated and measured values align well overall, though certain points and hours show clear
discrepancies between them.

For the first three days of January, both datasets roughly exhibit close alignment, while, from January 4
to January 8, the recorded heating power remains consistently higher than the simulated values. This
suggests that the model may not fully capture actual heating demand, possibly due to the assumptions in
how it estimates internal heat sources, such as occupant presence, lighting and electrical equipment,
considered based on assumptions due to the lack of sensor data in this study or airflow distribution.
Although the overall trend remains closely aligned for most of the month, certain timestamps reveal clear
variations:
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On January 3, 5, 8, 10, 13, 15, 18, 20, and 23 all at 05:00, the measured heating power experiences a
sharp decline, most likely due to low supply airflow rates triggered by milder outdoor temperatures. The
system naturally reduces heating output in response, though this dynamic is not fully mirrored in the
simulation.

On the other hand, can be seen that a slight drop in heating demand is existing at 08:00 on January 11,
12:00 on January 12, 14:00 on January 21, and at 10:00, 15:00, and 22:00 on January 22. This decline,
likely influenced by minor temperature variations, results in the recorded heating power dipping below
the simulated values.

Also, from January 15 at 23:00 to 16 at 00:00: The measured heating power illustrates fluctuations,
except for January 15 at 05:00, where a distinct drop occurs due to a decrease in supply airflow. The
irregular variations in this timeframe do not seem connected to supply and exhaust temperature
differences or supply air flow changes, suggesting potential sensor inconsistencies due to its inaccuracy
error range.

Between January 31 at 07:00 and 12:00, a brief dip in temperature difference leads to a temporary decline
in recorded heating power. However, this change is short-lived, and the values gradually return to align
with the simulated data.

Finally, by the end of the month, the overall trend indicates that the simulation effectively represents
long-term heating patterns. However, short-lived deviations suggest that real-world variables, such as
airflow variations, supply and exhaust temperature differences, and sensor inaccuracy, may not be fully
reflected in the model.

4.4.3 3-Month Heating Power Analysis

The three-month simulation serves as the main analysis for evaluating heating power performance over
an extended period during the heating season. This longer simulation provides a comprehensive view of
heating demand variations under different external conditions and system responses. This section
examines how well the model reflects actual heating trends by comparing simulated and measured
heating power. Identifying discrepancies in these trends helps highlight areas where the model’s accuracy
could be further refined.
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4.4.3.1 Initial Space Heating Power Results with Identified Issues

Space Heating Power Comparison - KTH Testbed 2.0

Measured data Simulated data

Power[k\W]

B
Lol o

1-2021 11-01-2021 21-01-2021 31-01-2021 10-02-2021 20-02-2021 2-03-2021 12-03-2021 22-03-2021 1-04-2021

Time {h)

Figure 37: Initial Simulated vs. Measured Space Heating Power
with Identified Negative Values

Figure 37, as the initial plot of the three-month heating power comparison shows that the simulated and
measured values generally follow similar trends. However, certain discrepancies are observed,
particularly at 56 points, which two of them are in February and the rest are in March, where the measured
heating power drops to negative values. These occurrences are not plausible in a real heating system, as
heating power represents energy supplied to heat up a space. Even if the system were turned off, the
power output should be zero rather than negative, indicating an issue that required further investigation
and correction before obtaining the final results. To ensure an accurate representation of heating
performance, the next step involved addressing these inconsistencies.

4.4.3.2 Refined Space Heating Power Analysis

To ensure the accuracy and reliability of the heating power analysis, the 56 erroneous points, resulted
from sensor inaccuracies and affecting temperature difference calculations, were removed. Due to the
fact that these negative values were artifacts rather than actual heating system behavior, their removal
allows the final results to better reflect true and real heating demand. Figure 38 presents the final heating
power trends after removing these inconsistencies.
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Space Heating Power Comparison - KTH Testbed 2.0
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Figure 38: Final Simulated vs. Measured Space Heating Power
after Removing Erroneous Data Points

The plots reveal that the simulated and measured values generally follow a similar overall trend, with
key differences appearing at specific periods. These variations are primarily influenced by temperature
differences between supply and exhaust air, along with seasonal changes affecting heating demand,
except for January when, as mentioned and explained before, the lower supply airflow rate at some
timeframes was another reason for the discrepancies and lower measured heating power for the entire
space.

From January to February, the measured heating power is consistently higher than the simulated values,
except for early February meaning from 1 to 9 approximately, where both datasets are closely aligned.
This difference is likely due to the real heating system responding more directly to varying heat loss,
while the model assumes a more gradual adjustment. In these colder months, the exhaust air temperature
is lower, increasing the temperature difference and resulting in higher heating demand. The simulation
represents a steadier heating response, whereas the actual system exhibits more noticeable short-term
fluctuations due to real-time heating regulation.

In March, the trend reverses, with the simulated heating power remaining consistently higher than the
measured values. This occurs because the actual heating system reduces heating output in response to
the milder temperatures, while the model follows a more stable pattern, assuming greater heating demand
than what is actually required.

Despite these differences, both datasets display a generally aligned trend over the three-month period,
confirming that the simulation effectively captures the seasonal pattern of heating power variations.
However, some deviations occur due to differences in how the simulation estimates heating adjustments
compared to the actual system’s real-time heat regulation.
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4.5 MBE and CV(RMSE) Results

To validate the accuracy of the calibrated Testbed KTH 2.0 energy model, Mean Bias Error (MBE) and
the Coefficient of Variation of the Root Mean Square Error (CV(RMSE)) are assessed following
ASHRAE 14 guideline. These statistical metrics evaluate systematic bias and overall deviation, ensuring
the model effectively represents both space heating power and bedroom temperatures. Given that these
were the key focus areas of the calibration process, analyzing MBE and CV(RMSE) provides a final
measure of how well the simulations align with measured data across different timeframes.

4.5.1 Calibration Accuracy Thresholds

The recommended maximum errors for calibration, as outlined in ASHRAE 14 guideline, vary depending
on whether the calibration is conducted on an hourly or monthly basis. Since this study focuses on an
hourly analysis, the corresponding threshold is considered for evaluating the model’s accuracy. Table 10
presents the ASHRAE 14 guideline error limits used as a reference for validation.

Hourly (%) Monthly (%)
Guideline
MBE CV(RMSE) MBE CV(RMSE)
ASHRAE 14 | £10 <30 +5 <15

Table 10: ASHRAE 14 Guideline Calibration Error Thresholds

4.5.2 MBE and CV(RMSE) Results for Each Simulation Period

Tables 11, 12 and 13 present the calculated MBE and CV(RMSE) values for Testbed KTH 2.0 space
heating power and bedroom temperatures for each simulation period. The results are structured separately
for the 1-week, 1-month, and 3-month simulations to demonstrate model performance in different
timeframes.
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1-week Simulation

ASHRAE 14 MBE [%] CV(RMSE) [%]
+10 <30
Calibration Indicators Value [%]
Bedroom_1 Temperature 3.37 4.38
Bedroom_2 Temperature 1.45 4.43
Bedroom_3 Temperature 1.95 2.74
Bedroom_4 Temperature 2.66 3.42
Space Heating Power -5.16 9.26

Table 11: MBE and CV(RMSE) for 1-week Simulation

1-month Simulation

ASHRAE 14 MBE [%] CV(RMSE) [%]

+10 <30

Calibration Indicators Value [%]

Bedroom_1 Temperature -0.2 33

Bedroom_2 Temperature -3.7 52

Bedroom_3 Temperature 2.1 5.6

Bedroom_4 Temperature 2.9 5.1

Space Heating Power -1.8 10.5

Table 12: MBE and CV(RMSE) for 1-month Simulation

3-month Simulation

ASHRAE 14 MBE [%] CV(RMSE) [%]

+10 <30

Calibration Indicators Value [%]

Bedroom_1 Temperature -4.5 7.9

Bedroom_2 Temperature -6.6 8.4

Bedroom_3 Temperature -4.4 9.3

Bedroom_4 Temperature -3.8 9

Space Heating Power 2.1 18.9

Table 13: MBE and CV(RMSE) for 3-month Simulation
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The presented MBE and CV(RMSE) values for space heating power and bedroom temperatures across
all three simulation periods confirm that the calibrated model adheres to ASHRAE 14 guideline accuracy
thresholds. The results indicate that both systematic biases (MBE) and overall deviation (CV(RMSE))
remain within acceptable limits, demonstrating that the model effectively captures real heating power
demand and bedroom thermal conditions. The variations in CV(RMSE) values among the bedrooms are
due to several factors, including solar exposure, HVAC dynamics, and the assumptions considered in
this study, such as the standardized assumption for internal heat gains. Bedroom 3 and 4 are located on
south side meaning they receive more solar radiation in the morning. Because the shading was excluded
in this study, receiving higher solar radiation in the morning can lead to unexpected heat gains in these
two bedrooms, particularly over longer periods, resulting in higher errors for these bedrooms. Bedroom
1 has the highest CV(RMSE) in 1-week simulation, despite being less exposed to direct sunlight, which
may stem from short-term behavioral differences or inconsistencies in airflow that are less substantial
over longer periods. In bedrooms 2 and 4, the differences are moderate, likely due to their positions and
interactions with adjacent zones. These issues highlight how orientation and internal heat gains
assumptions can impact the accuracy of thermal predictions in both short and long time periods.

For each simulation period, the MBE values remain sufficiently low, suggesting minimal bias in the
model’s predictions. Similarly, the CV(RMSE) values indicate that the model accurately represents
short-term, mid-term, and long-term variations in heating power and temperature. While minor variations
are observed between different timeframes, all values remain within ASHRAE 14 guideline’s defined
range, ensuring the reliability of the calibrated Testbed KTH 2.0 energy model for evaluating space
heating and bedroom temperature performance.

4.6 Parameters Before and After Calibration

Table 14 presents the parameter values before and after calibration, highlighting the modifications made
to enhance the model’s accuracy. These adjustments were implemented to better reflect the actual thermal
performance of the Testbed KTH 2.0 energy model and align the simulations with measured heating
power and bedroom temperature data. The calibration process primarily focused on refining key thermal
and ventilation parameters to minimize deviations between simulated and measured results.
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Parameter Initial Value | Calibrated Value
Maximum supply air temperature [°C] 30 40
Shared kit-living room minimum 0.5 0.15
airflow [I/sm?]
Air Heat recovery efficiency [%] 0.73 0.6
Minimum Supply air temperature [°C] 12 17
Bedroom 1 minimum airflow [I/sm?] 0.5 2
Bedroom 3 minimum airflow [I/sm?] 0.5 L.5
Bedroom 2 minimum airflow [I/sm?] 0.5 1.8
Bedroom 4 minimum airflow [I/sm?] 0.5 1.6
Window U-value [W/m?2.K] 1.8 1.2

Shared Kkit-living room equipment
gaillS (n equipment)

7 2

Bathrooms airflows (constant) [I/sm?| 2.8 1

Table 14: Initial and Calibrated Values of Selected Parameters

Table 14 also presents the changes applied to key parameters during the calibration process. These
adjustments were necessary to align the simulated results more accurately with the measured heating
power and bedroom temperatures. Each modification was based on observed discrepancies between the
initial model outputs and real-world data, ensuring a more representative energy model.

1. Airflow Rates and Supply Air Temperature Adjustments

The supply air temperature was adjusted to better reflect the actual thermal conditions observed in the
measured data. These changes played a key role in improving the simulation's ability to represent indoor
temperature variations and heating demand. Additionally, airflow rate modifications were implemented
to better capture real heating system behavior.

2. Window Thermal Properties and Heat Recovery Efficiency

Modifications to the window U-values aimed to enhance the accuracy of heat loss representation in the
model. Similarly, the heat recovery efficiency values were refined to ensure a better reflection of the
system’s actual energy recovery performance, directly affecting heating energy demand.
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3. Number of Equipment Adjustments

To better align with actual conditions, the number of equipment units in the shared kitchen-living room
area was reduced from 7 to 2. The initial estimate led to an overstatement of internal heat gains, which
may have contributed to discrepancies in the simulated heating demand.The calibrated value provides a
more accurate representation of internal heat sources, ensuring better alignment between measured and
simulated results.

The implemented adjustments successfully reduced deviations between the model and real-world data,
ensuring that the calibrated Testbed KTH 2.0 energy model provides a more accurate representation of
space heating power and bedrooms’ temperature. These refinements also contributed to achieving
compliance with ASHRAE 14 guideline accuracy thresholds, as demonstrated in the MBE and
CV(RMSE) results.
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Discussion

5.1 Interpretation of Findings

The calibration process in this research was designed to reduce the differences between simulated and
observed data, specifically regarding space heating power and bedroom temperatures. The findings
demonstrate a notable enhancement in the calibrated model compared to its original uncalibrated state,
with errors minimized to levels deemed acceptable under ASHRAE 14 guideline. Despite this progress,
some inconsistencies persist, particularly in the alignment and shape of the plotted trends. Identifying
these variations is essential for evaluating the model’s constraints and its capability to accurately reflect
real-world conditions.

Upon closer analysis, the results indicate that, in general, the calibrated model effectively captures the
overall patterns in heating power and indoor temperature fluctuations. The final MBE and CV(RMSE)
values confirm that the model meets calibration accuracy requirements, validating the effectiveness of
the applied methodology. Nevertheless, the plots for bedroom temperature and heating power do not
perfectly coincide with the actual measurements, revealing certain aspects of the building’s behavior that
the model does not fully replicate. These inconsistencies stem from multiple factors. One of the primary
challenges was the reliance on assumed values for internal heat gains from occupants, lighting, and
equipment due to the absence of direct sensor or monitoring data. Since no recorded schedules were
available for these variables, estimated values had to be used, which may not accurately reflect real
conditions. Additionally, window openings were not considered in the simulation, as no corresponding
data was available. Similarly, shading effects were excluded due to the lack of relevant information.
These factors contributed to slight variations between simulated and observed values, limiting the
model’s ability to achieve perfect alignment.

The other notable observations are the difference in oscillation behavior between the heating power and
temperature plots. The heating power plots exhibit sharp and sudden oscillations, whereas the
temperature plots display smoother fluctuations. These variations are primarily linked to the thermal
dynamics of the system, where heating power is directly influenced by low supply airflow rates and
minimal supply and exhaust temperature differences. These factors lead to unstable heating regulation,
affecting the power plots more significantly than the temperature plots. The other key issue identified in
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the results is the presence of negative heating power values in specific periods. A total of 56 instances of
negative values were recorded, all occurring within the three-month heating power dataset (in February
and March). These values are liked to sensor inaccuracies, particularly when the supply air temperature
was recorded lower than the exhaust air temperature, leading to an incorrect calculation of heating power.
Initially, a temperature-based correction method was applied to address this issue, adjusting the supply
air temperature within sensor accuracy limits. However, this method was later discarded because it
introduced artifacts and arbitrary values that compromised data reliability. As a result, the 56 negative
values were ultimately removed from the dataset to ensure consistency in the calibration process. A
detailed discussion of the correction method and its implications will be provided in Section 5.3.

Despite these challenges, the overall findings confirm that the calibration process effectively reduced the
performance gap between simulated and measured data. The final MBE and CV(RMSE) values being
within acceptable limits demonstrate that the model is reliable, even though certain physical aspects of
the building, such as occupant behavior, shading effects, and airflows, were not fully captured. The
study’s primary objective of improving calibration accuracy and reducing discrepancies was achieved,
reinforcing the effectiveness of the manual calibration approach. However, while the results are
satisfactory, achieving a perfect match between simulations and real-world conditions would require
additional monitored data and refinements in key assumptions. These remaining uncertainties and
potential improvements will be explored further in the following sections.

5.2 Comparison with Literature

The quality of this study’s calibration results is assessed in relation to previous research to determine
whether the achieved accuracy levels are acceptable and to identify factors that influenced performance.
Various studies have investigated calibration methodologies, including manual, automated, Bayesian,
and hybrid approaches, each with different accuracy outcomes and data requirements. By comparing the
findings of this study with established research, the reliability, effectiveness, and limitations of the
applied calibration process will be evaluated.

The final MBE and CV(RMSE) values achieved in this study, as shown in section 4.5.2, confirm that the
calibration process successfully reduced discrepancies between simulated and measured data. The results
met ASHRAE 14 standards, demonstrating that the approach was valid and produced reliable outcomes.
Compared to previous studies, such as Coakley et al. (14% CV(RMSE)), Robertson et al. (10%
CV(RMSE)), and Tremeac et al. (22.2% CV(RMSE)) hourly, 14.4% CV(RMSE) monthly), this study
achieved a comparable level of accuracy, confirming the effectiveness of the manual calibration process.

Studies on automated and Bayesian calibration, such as Raftery et al. (11% CV(RMSE)), Sun et al. (10%
CV(RMSE)), and Heo et al. (7% CV(RMSE)), achieved high accuracy but relied on well-structured and
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complete datasets. In contrast, this study faced missing operational data, sensor inaccuracies, and
assumed internal heat gains, which constrained further accuracy improvements. The results suggest that
automated calibration methods, though effective, may not necessarily yield better outcomes if input data
limitations exist. Table 15 summarizes the different studies’ results shown below.

ASHRAE 14

Studies on Manual Calibration CV(RMSE) [%]
Coakley et al. 14

Robertson et al. 10

Tremeac et al. Hourly =22.2 , Monthly = 14.4
Studies on Automated and Bayesian Calibration CV(RMSE) %]

Raftery et al. 11

Sun et al. 10

Heo et al. 7

Table 15 : Initial and Calibrated Values of Selected Parameters

Despite achieving acceptable calibration performance, some deviations remained in the heating power
and temperature plots. Studies such as De Wilde (2014), Hong et al. (2015), and Wille (2017) identified
similar challenges, particularly the reliance on assumed occupant schedules, lighting, and equipment heat
gains when direct measurements were unavailable. These assumptions contributed to minor
discrepancies in this study, indicating that further accuracy improvements would require actual
monitoring data.

An additional factor was sensor inaccuracies, which led to negative heating power values in the three-
month simulation results. While past studies addressed data cleaning and filtering, none explicitly
discussed sensor errors producing negative heating power calculations. This represents a unique aspect
of this study’s findings, emphasizing the need for refined data validation techniques.

This study confirms previous research findings regarding the impact of missing internal heat gain data
and occupant behavior assumptions on calibration accuracy. However, it also provides new insights into
challenges not widely addressed in past research, including:

« The impact of sensor inaccuracies on heating power calibration.
« The need for localized weather data (Copernicus and SMHI) over generalized global datasets.

« The influence of low supply airflow rates and minimal supply-exhaust temperature differences on
heating power oscillations.
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These findings highlight that while manual calibration can achieve satisfactory accuracy, real-world
uncertainties, such as data availability, sensor reliability, and airflow dynamics, must be carefully
managed to improve model performance.

5.3 Limitations and Challenges

This research faced multiple limitations and challenges, mainly stemming from data gaps, sensor
inaccuracies, modeling restrictions, and methodological constraints. These issues introduced
uncertainties in the calibration process, impacting the precision of the final outcomes. Although various
strategies, including data processing, calibration refinements, and manual adjustments, were employed
to minimize these limitations, some constraints were inevitable.

A key limitation in this study was the lack of monitoring and the sensor data for internal heat gains
schedules (occupants, lighting, and equipment usage). Since no real data was available for these
parameters, assumptions had to be made regarding their contribution to indoor thermal conditions.
Additionally, window opening behavior was not modeled, and shading effects were not considered due
to the absence of relevant data. Instead, the model assumed ideal occupant behavior for window
operation, meaning that no active window adjustments were included. These missing inputs contributed
to discrepancies between simulated and measured results and plots, as they inevitably affected the
building’s thermal performance in ways that were not fully accounted for in the model.

In addition to operational data gaps, weather data, collected from BMS, presented another challenge.
Certain parameters, such as solar radiation values, were missing for all the months and efforts were made
to reconstruct these gaps using alternative datasets such as Copernicus and SMHI. While this approach
improved data completeness, it introduced potential inaccuracies, as external sources may not perfectly
match real on-site conditions. Moreover, while bedroom temperatures, AHU supply and exhaust
temperatures, and supply airflow rates were available, they contained irregularities that required
extensive data cleaning. The necessity of adjusting and refining these datasets further contributed to
uncertainties in the final calibration.

Another major limitation was sensor inaccuracies, which had an error range of +£0.5°C. While this may
seem minor, it became significant when the supply and exhaust temperature difference was low. In these
cases, due to the fact that the sensor incorrectly recording a lower supply temperature compared to the
exhaust temperature, the small sensor error was enough to cause negative heating power values in the 3-
month simulation for space heating power (February-March). To address this issue, an initial correction
method was attempted, drawing inspiration from existing sensor fault calibration techniques, including
a Bayesian inference-based approach [69]. However, that method was designed for gradual sensor drift
correction, the issue in this study was instantaneous inaccuracies due to measurement errors.
Additionally, Bayesian inference requires strong computational resources, which were not available in
this study, making its direct implementation impractical.
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Given these constraints, a simplified correction method was tested instead. This approach involved
adjusting supply temperature within sensor accuracy limits to correct flipped signs in temperature
differences. However, further evaluation revealed that modifying the correction multipliers could
produce multiple different results, making the adjustments arbitrary. Since there was no clear way to
verify which correction was truly accurate, the method was ultimately deemed unreliable. As a result,
the best decision was to discard the correction approach and remove the 56 negative values entirely to
maintain dataset integrity.

Manual calibration was another notable challenge, primarily due to its time-consuming nature and the
requirement for expert knowledge in adjusting model parameters. Since calibration is an iterative process
that relies on experience, the absence of prior expertise made the process more difficult. However, two
key issues helped overcome this challenge:

1. Sensitivity Analysis for Parameter Prioritization

Sensitivity analysis was essential in identifying which parameters had the greatest impact on model
accuracy, shown in table 8. This ensured that calibration focused on the most critical variables, avoiding
unnecessary adjustments to less influential parameters.

2. Three-Stage Simulation Strategy for Calibration Adjustments

Instead of immediately running a 3-month simulation, a stepwise approach was adopted:
1-week simulation, 1-month simulation , and then 3-month simulation.

This strategy helped refine calibration step by step, allowing incremental improvements and reducing
uncertainty in parameter adjustments. Without these two strategies, the manual calibration process would
have been significantly more difficult and less structured.

Another significant challenge was the Big Ladder Elements software used to convert csv weather data
into epw format, but the software presented two key limitations:

1. Handling of Multi-Year Datasets

Big Ladder Elements did not support datasets spanning two different years (2020-2021), so to work
around this, a single annual year had to be arbitrarily selected, and all predefined values associated with
that year were removed before entering actual measured data.

2. Automatic Recalculation of Air Temperature and Relative Humidity

The software automatically recalculated relative humidity and dry-bulb temperature instead of allowing
them to be directly inputted. This forced the use of predefined annual values for these two parameters,
rather than the actual measured values. While the final epw file remained compatible with IDA ICE, this
limitation introduced minor uncertainties in the weather dataset.
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Although these issues did not make the dataset unusable, they required workarounds that added
complexity to the preprocessing stage. Despite these limitations, the calibration results remained within
ASHRAE 14 guideline accuracy thresholds, demonstrating that the methodology used in this study was
still effective in capturing key building energy performance characteristics.

5.4 Future Research Recommendation

In order to improve the accuracy and reliability of building energy simulations, future research could
emphasize refining data acquisition techniques, enhancing calibration methodologies, and adopting more
advanced analytical frameworks. By prevailing the key challenges highlighted in this study, the future
studies can significantly improve the practical application of energy models, ensuring they closely
resemble actual building performance.

A crucial aspect that needs further exploration is the accurate measurement of internal heat gains, which
result from occupants, lighting systems, and operational appliances. In this study, some presumptions
alongwith the standardized assumptions regarding student residence were used instead of real-time data,
leading to some degree of uncertainty in the outcomes. Future research could refine this by analyzing
historical data trends from similar buildings to create more precise estimated schedules. Additionally,
predictive modeling techniques, including machine learning, could be applied to dynamically estimate
internal heat gain patterns. Conducting surveys on equipment usage patterns may also provide valuable
insights, allowing for a more realistic representation of heat gain variations throughout different building
types and operational conditions.

Another area that warrants further exploration is the incorporation of window operation schedules in
energy modeling. Due to the lack of direct data in this study, the model assumed that windows remained
closed, which may not fully represent real-life ventilation scenarios. Since window openings directly
influence indoor temperatures, heat exchange, and air quality, the future research should aim to
incorporate occupant behavior models to estimate how often and under what conditions windows are
opened. Probabilistic models based on temperature differences and indoor air quality metrics could help
refine these estimates. Alternatively, occupant surveys could provide direct input on typical window
opening schedules across different seasons and climates.

Also, a better grasp of shading schedules is necessary to precisely evaluate solar exposure effects. Since
shading plays a major and key role in shaping a building’s cooling load and overall energy efficiency, its
impact changes widely depending on the time of day and seasonal fluctuations. Rather than relying on
fixed shading conditions, further research could delve into more dynamic approaches for analyzing
shading schedules. Utilizing advanced simulation methodologies offers a more detailed analysis of
shading dynamics. An example in this regard is the Computational Fluid Dynamics (CFD) simulations
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which can be employed to examine airflow interactions with shading components, while thermal imaging
technology can be used to evaluate shading efficiency and measure its influence on heat retention. These
two cutting-edge techniques enhance the accuracy of understanding how shading affects a building’s
energy performance, particularly in structures that incorporate adaptable or automated shading systems.

Apart from refining input data, future research could also consider improving calibration methodologies,
especially when dealing with more complex building models. Although manual calibration proved
effective in this study, that was very time-consuming and required iterative adjustments to fine-tune
parameters accurately. For more intricate models, hybrid calibration techniques, which is the
combination of the automated method with manual one, could enhance efficiency without sacrificing
accuracy. This methodology facilitates meticulous parameter fine-tuning while preserving expert
supervision.

Moreover, for extensive research applications withn larger datasets, implementing Global Sensitivity
Analysis (GSA) can help determine the most influential variables, ensuring calibration efforts are
concentrated on the most crucial aspects. Also, if the higher accuracy of energy simulations is needed in
the future work, the integration of Uncertainty Analysis can help evaluate fluctuations in model
projections, resulting in more dependable and consistent predictive outcomes, which was not needed in
this study.

By addressing these essential factors, the future research has the potential to transform the domain of
building energy modeling, making simulations more adaptable, precise, and reflective of actual building
behavior. A well-rounded approach incorporating detailed occupant behavior insights, fine-tuned
shading and window schedules, and refined calibration techniques will play a crucial role in advancing
energy simulation reliability. As research progresses and datasets expand, the integration of Hybrid
Calibration, GSA, and Uncertainty Analysis will ensure that simulations remain computationally
manageable while achieving higher accuracy in predicting energy performance.
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Chapter 6

Conclusion

This thesis focused on developing an energy model for Testbed KTH 2.0 to accurately predict space
heating power and bedroom temperatures. The primary objective was to minimize discrepancies between
measured and simulated results through a structured calibration process, ensuring the model closely
reflects real-world conditions. A systematic methodology was followed, covering data collection, model
development, calibration, and validation, with all major steps, illustrated in Figure 8 in section 3.3 as a
visual representation of the research workflow.

The study began with an extensive data collection phase, where various inputs were gathered, including
building envelope characteristics, HVAC system parameters, internal heat gains, weather data, and
occupancy-related factors. While some datasets were directly obtained from the Building Management
System (BMS), others required pre-processing due to irregular time steps or missing values. Weather
data had gaps that were corrected using external databases, and measured temperatures and airflow rates
were adjusted to match an hourly simulation time step. Since direct monitoring of internal heat gains,
shading, and window operations was unavailable, assumptions were made based on standardized
schedules for internal gains, while shading and window opening effects were excluded from the model.
Once the necessary inputs were processed, the initial energy model was developed using IDA ICE and
an initial simulation was run to compare the predicted and measured bedroom temperatures and space
heating power. The simulated space heating power was directly obtained from the model, while the
measured value was calculated using supply air mass flow rates, supply and exhaust temperature
differences, and specific heat capacity, shown in equation 3. The initial results revealed significant
discrepancies, highlighting the need for further model refinement through calibration. But before
calibration, the sensitivity analysis was performed to identify the most impactful parameters affecting
the discrepancies. A ranking of these parameters was established, allowing the selection of key variables
for the calibration process. Calibration was carried out in a stepwise manner, beginning with a 1-week
simulation, followed by a 1-month, and finally a 3-month simulation, as the main one for this study, with
adjustments applied at each stage. The process was repeated iteratively until the Mean Bias Error (MBE)
and Coefficient of Variation of the Root Mean Squared Error (CV(RMSE)) fell within the acceptable
limits defined by ASHRAE 14 standards.
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The final results demonstrated a substantial improvement in model accuracy, successfully reducing the
error between simulated and measured values. Despite the absence of real data for shading, the window
operations, and actual internal heat gains, the calibration process enabled the model to closely match
real-world conditions. This highlights the effectiveness of the applied methodology in refining energy
models for research-based testbeds. Furthermore, the study established a scalable framework for energy
modeling, which can be adapted to similar buildings. While the approach used in this thesis was sufficient
for the given testbed, future applications to larger or more complex buildings may require hybrid
calibration techniques or global and /or uncertainty analysis for further refinement. This research
successfully achieved its objective of enhancing energy model accuracy, demonstrating the value of an
iterative calibration process in minimizing discrepancies between simulations and real-world
performance. The outcomes contribute to improving energy modeling methodologies for research-based
test environments and offer a solid foundation for further advancements in building energy simulation.

Also, several challenges erupted that could have influenced both the accuracy and reliability of the
outcomes. However, by implementing a well-organized and systematic approach, these difficulties were
effectively managed to uphold the validity of the calibration process and the overall results. The study
leveraged advanced data-handling techniques, a structured calibration framework, and refined
methodologies to successfully overcome the primary challenges faced during the development and
validation of the model.

One of the major difficulties involved inconsistencies in weather data caused by missing values in the
Building Management System (BMS) datasets. To mitigate this issue, external datasets from SMHI and
Copernicus were utilized, enabling the reconstruction of the missing weather variables. While external
sources may not perfectly replicate real on-site conditions, this approach significantly improved data
completeness and enabled more reliable energy modeling. Additionally, extensive data cleaning and
preprocessing were carried out to address irregular time steps and ensure that all measured inputs were
adjusted to align with the hourly simulation framework.

A further complication stemmed from irregularities in sensor readings, particularly for recorded bedroom
temperatures, supply airflow rates, and supply and exhaust temperatures of the AHU system. These
inconsistencies required extensive data filtering and corrections before they could be effectively used for
calibration. By implementing a systematic process for the data refinement, errors were identified and
corrected, ensuring a more accurate comparison between recorded and simulated data. This step was
crucial in maintaining the integrity of the calibration process by ensuring the input data was precise and
well-structured, ultimately improving the reliability of the final findings.

Another challenge was the labor-intensive nature of manual calibration, which also required considerable

expertise. Since calibration involves making iterative modifications to key parameters, a lack of prior
experience could have complicated the process. However, this issue was effectively managed by
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implementing sensitivity analysis to identify the most critical parameters influencing the model’s
accuracy. By following this approach, the most significant parameters, such as the maximum supply air
temperature, shared kitchen-living room minimum airflow and heat recovery efficiency, were prioritized
for the calibration, reducing unnecessary adjustments and improving overall efficiency. Moreover, a
progressive method was applied for the simulation, begun with a 1-week simulation, then continued to a
I-month simulation, and ended up in a 3-month simulation. This phased approach ensured that
modifications were introduced incrementally, minimizing major discrepancies and steadily refining the
model’s accuracy at each stage.

Additionally, working with Big Ladder Elements software for weather data conversion presented some
difficulties. While the software successfully converted weather data from csv to epw format and allowed
for handling separate yearly datasets, it also introduced limitations. Specifically, the automatic
recalculation of air temperature and relative humidity meant that predefined values had to be used instead
of directly inputting measured data. Although this issue could not be bypassed, the overall impact on
model accuracy remained minimal, ensuring that the final dataset was still compatible with IDA ICE for
energy simulation.

Despite these challenges, the research methodology remained robust, and the final calibration results met
ASHRAE 14 guideline accuracy thresholds. The ability to overcome data gaps, refine input parameters,
and systematically calibrate the model demonstrates that a well-structured energy modeling approach
can still achieve reliable results, even in cases where certain real-world data points are missing. The
methods applied in this study provide a strong framework for future research, reinforcing the
effectiveness of manual calibration and sensitivity analysis in refining energy models for research-based
testbeds. The findings of this study not only validate the accuracy of the proposed methodology but also
establish a reliable approach for future applications in building energy performance analysis.
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