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ABSTRACT

Building energy performance gap is partly attributed to simplified occupant behavior
representations in simulations. Conventional calibration approaches satisfy statistical criteria
but mask inconsistent physical assumptions through compensating errors. This study exam-
ines how stepwise integration of measured occupant behavior alters calibration outcomes,
exposing compensating errors in conventionally calibrated models. Indoor temperature,
humidity, presence, lighting, window-opening behavior, and weather were collected during
a one-year monitoring campaign in an educational building. An iterative calibration frame-
work was implemented using EDSL Tas (Environmental Design Solutions Ltd. TAS), progres-
sing from an uncalibrated baseline to a statistically calibrated reference model and
subsequently to behavior-integrated iterations. Although the conventionally calibrated
model achieved strong statistical agreement with measured heating energy (NMBE =
1.39%), replacing standard schedules with measured presence increased predicted heating
demand (3.96-4.19%). This revealed compensating errors associated with overestimated
internal gains and constrained envelope parameters. Adaptive window-opening behavior
shifted disagreement to 7.05% due to ventilation losses. Measured lighting use acted as a
corrective internal gain, partially offsetting heating demand. Findings demonstrate that
compliance with calibration benchmarks alone is insufficient to ensure physically accurate
models. Monitored occupant behavior is essential for identifying compensating errors and
establishing physically consistent baseline models suitable for evaluating energy conserva-
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tion measures in existing buildings.

1. Introduction

Building energy performance (BEP) has been a key
research area since the 1970s oil crisis, focusing on
mitigating climate change, reducing energy consump-
tion, and improving building efficiency (Copiello 2017;
Kim, Kim, and Song 2021). The built environment
accounts for 34-41% of total energy consumption
and CO, emissions in advanced economies (Kim, Kim,
and Song 2021; Uddin et al. 2021). BEP remains central
in policy agendas, especially for the EU’s 2050 net-zero
objectives (Chen et al. 2024). Strategies for reducing
energy consumption in existing buildings include ret-
rofitting and passive measures (Buso et al. 2015; Khabir
and Vakilinezhad 2023). However, a persistent chal-
lenge is the discrepancy between predicted and actual
operational energy use, documented since the mid-
1990s, and known as the building energy performance
gap (BEPG) (Bahadori-Jahromi et al. 2022; Chiang and
Calautit 2025; Esmaeilzadeh and Hamdy 2025;
Menezes et al. 2012; Zare et al. 2023). To address the
BEPG, which reaches 60-70% in some cases (Kim, Kim,
and Song 2021), researchers used advanced modeling
approaches, including data-driven techniques,

machine learning (ML), and dynamic simulation
(Borodinecs et al. 2024; Norouziaslouziasl and Jafari
2023; Chiang and Calautit 2025). Building energy simu-
lation (BES) is a common method for estimating energy
use intensity, incorporating factors such as climate,
envelope, service systems, operational schedules, and
occupant behavior (OB) (IEA (2013); Hong et al. 2016,
Esmaeilzadeh and Hamdy 2025). The accuracy of BES is
evaluated using standards such as ASHRAE Guideline
14 (2014) and the International Measurement and
Verification Protocol (IPMVP 2012), which set error
thresholds for validation (Chong et al. 2025; Kim, Kim,
and Song 2021).

Occupant behavior is the most complex and sto-
chastic factor affecting predictive uncertainty
(Bahadori-Jahromi et al. 2022; Esmaeilzadeh and
Hamdy 2025; Motuziene and Vilutiene 2013), driven
by physical (e.g., temperature, air speed, and access
to controls; Mitra, Chu, and Cetin 2021) and socio-
psychological factors (e.g., comfort expectations, rou-
tines, age, gender, and cultural norms; Jia and
Srinivasan 2020; Piselli and Pisello 2019). Since accu-
rately incorporating OB into simulation is both
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challenging and resource-intensive (Uddin et al. 2021),
BES assessments typically depend on simplified, fixed,
and deterministic schedules based on standards such
as (ASHRAE Standard 90.1 2004; Carlucci et al. 2021;
Chiang and Calautit 2025), which largely contribute to
the BEPG (Gunay, O'Brien, and Beausoleil-Morrison
2013; Jia et al. 2021; Uddin et al. 2021). Energy con-
sumption in office buildings can vary by 40% when
using predetermined schedules (Kang et al. 2024), and
prediction errors can reach 36% due to simplified pre-
sence data (Anandand, Cheong, and Sekhar 2022;
Esmaeilzadeh and Hamdy 2025). To model adaptive
OB, such as operating windows, blinds, or adjusting
thermostats/HVAC (Gunay et al. 2014; Mitra, Chu, and
Cetin 2021; Uddin et al. 2021), as well as non-adaptive
behaviors such as presence or absence (Anandand,
Cheong, and Sekhar 2022; Mitra, Chu, and Cetin
2021), stochastic and probabilistic methods (e.g.,
Markov Chains and Agent-Based Models), and machine
learning techniques (e.g., ANNs, SVMs; Fabi et al. 2013;
Gilani and O’'Brien 2019; Norouziaslouziasl and Jafari
2023) are integrated into BES software through direct
input or co-simulation (Chen et al. 2024; Kim, Kim, and
Song 2021).

Recent efforts aim to address the limitations of
simplified models by integrating measurement-based
data, such as post-occupancy and field monitoring,
into simulation and calibration (Bahadori-Jahromi et
al. 2022; Royapoor and Ve Roskilly 2015). Calibration,
a systematic adjustment of uncertain parameters to
match measured data, improves model reliability by
correcting initial assumptions (Chong et al. 2025;
Esmaeilzadeh and Hamdy 2025). Uncalibrated models
can misrepresent performance by more than 30%
(Bahadori-Jahromi et al. 2022; Zare et al. 2023),
whereas calibrated models serve as reliable references
for retrofits and predictive control (Astete et al. 2022;
Gucyeter 2018; Raftery, Keane, and Costa 2009).

Manual iterative calibration is a common approach,
representing about 74% of calibration methods in the
literature (Coakley, Raftery, and Ve Keane 2014), and is
used to obtain reliable BES models (Angelottigelotti et
al. 2023). It involves iteratively adjusting uncertain
input parameters until outputs, such as energy con-
sumption or temperature trends, match measured
data (Cornaro et al. 2019). Key aspects include the
following: (1) Reliance on expertise, where the process
benefits from the experience and skill of the modeler
(Angelottigelotti et al. 2023; Chaudhary et al. 2016). (2)
Data collection through audits and monitoring pro-
vides detailed insights into the physical and opera-
tional characteristics of the building (Sun et al. 2016).
(3) Parameter adjustments one at a time, which aim to
minimize discrepancies between simulated variables
and actual data (Cornaro et al. 2019). (4) Graphical
interpretation to visually compare simulated and mea-
sured results, such as temperature plots to assess the

impact of the iterative process (Sun et al. 2016). (5)
Sensitivity analyses to identify and refine influential
parameters such as lighting, equipment, air condition-
ing, and occupancy schedules until statistical criteria
are met (Angelottigelotti et al. 2023; Dakyen, Dagbasi,
and Ozdenefe 2021; Yang et al. 2016). These aspects
ensure a thorough understanding and control of the
calibration process, avoiding blind tuning of unknown
parameters to match the data (Guyot et al. 2020).

Calibration is essential because baseline simulation
models often don’t match measured data. It minimizes
discrepancies between BES predictions and actual
energy performance by adjusting uncertain parameters
(Angelottigelotti et al. 2023), which enhances confi-
dence and reliability in performance assessment. This
is vital for accurately predicting the effects of retrofit
measures (Heo, Choudhary, and Augenbroe 2012).
Manual calibration must adhere to standards such as
ASHRAE Guideline 14 (2014) and IPMVP (2012), which
set statistical validation criteria, including the Coefficient
of Variation of the Root Mean Square Error (CV(RMSE))
and the Normalized Mean Bias Error (NMBE).

Despite its widespread use, manual calibration lacks
standardization (Angelottigelotti et al. 2023; Chaudhary
et al. 2016). The complexity of the involved parameters,
along with their wide range of variations, often leads to
nondisclosed manual calibration steps (Chong, Gu, and
Jia 2021). Furthermore, due to subjective expertise, the
time spent on modeling, or poor data quality
(Chaudhary et al. 2016; Cornaro et al. 2019), the cred-
ibility of the resulting calibrated models is sometimes
considered highly dependent on the modeler’s judg-
ment (Sun et al. 2016). Manual calibration is frequently
contrasted with automatic calibration, which employs
mathematical and statistical methods, such as optimiza-
tion algorithms, to minimize errors (Cornaro et al. 2019).
Although automatic methods are usually faster compu-
tationally, they can act as “black boxes” that produce
statistically good fits with physically unreasonable para-
meter combinations. Conversely, manual calibration
involves human reasoning, expertise, and experience,
potentially yielding more reliable and physically consis-
tent building models (Chaudhary et al. 2016). Therefore,
it is crucial to maintain a certain level of transparency in
calibrated BES models to facilitate flexible adjustments
in parameter settings.

Limited reporting and reproducibility are espe-
cially problematic when calibrating for OB, which
significantly influences the BEPG (Cipriano et al.
2015). Uncertainty related to OB is even more critical
than that of building envelope properties in highly
energy-efficient buildings (Angelottigelotti et al.
2023). Therefore, there is a need for an approach
that explicitly records and discloses OB parameter
adjustments during calibration to improve reprodu-
cibility and reduce bias. This study aims to develop a
systematic, evidence-based manual calibration



framework focusing on occupant presence, window
operation, and lighting use behavior, with detailed
documentation of iterative adjustments. This
approach turns subjective expert judgments into
flexible, combined steps and utilizes detailed moni-
toring data (e.g., window open/close states) to
enhance model consistency and accurately reflect
thermal dynamics. The study investigates whether
simplified OB assumptions affect BEPG, how moni-
tored datasets improve calibration, and the effective-
ness of adaptive versus non-adaptive behaviors in
reducing errors. The present study involved a one-
year monitoring campaign at the Eskisehir
Osmangazi University Department of Architecture
M1 Building to develop an iterative calibration work-
flow in EDSL Tas. Section 2 covers the case study,
monitoring setup, data collection, and calibration
procedures. Section 3 presents findings from the
iterative calibration based on ASHRAE Guideline 14
(2014) and the IPMVP (2012), while Section 4 synthe-
sizes these findings and explores generalization.

2. Methodology

This study uses a hybrid method combining (i) a year-
long in situ monitoring campaign, (ii) OB data extrac-
tion, (iii) developing a multi-zone BES model in EDSL
Tas, and (iv) an iterative calibration incorporating
deterministic assumptions and behavioral data. The
framework is summarized in Figure 1.

2.1. Energy performance monitoring

2.1.1. Performance audit of the case building
Before energy performance monitoring, a preliminary
audit of the M1 Building at the Architecture
Department of Eskisehir Osmangazi University, Turkey,
was conducted. This initial phase identified sample
areas for monitoring, documented daily schedules,
assessed construction discrepancies, and evaluated
practical constraints to prevent disruption of academic
activities (Ascionecione et al. 2019; Balaras 2022; Poel,
van Cruchten, and Balaras 2007). The building’s entrance
facade faces 12° west of true north. Completed in the
1960s, the exact construction date and as-built drawings
were inaccessible. On-site measurements and material
inspections were needed to determine envelope fea-
tures. The building lacks a cooling system, and heating
is supplied by a boiler serving three separate buildings
located in a neighboring building. Table 1 shows the
building's features: a compact structure with a facade-
to-volume ratio of 0.24, a window-to-wall ratio (exclud-
ing the atrium) of 23%, increasing to 40% with the
atrium. It houses faculty offices, design studios, a semi-
glazed workshop, an atrium, a graduate classroom,
administrative offices, and a cafeteria.
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2.1.2. Monitoring campaign

Following the audit, energy performance monitor-
ing began on 1 January 2019, collecting a high-
resolution year-long dataset on indoor and out-
door conditions and OB through the end of 2021.
This study focuses on 2019, as it provides a com-
plete annual dataset of normal operations before
COVID-19 disruptions, reflecting stable schedules
and typical occupancy. Later years had irregulari-
ties that could have affected the occupant’s pre-
sence and behavior assessment, and thus the
generalization of findings. Hence, 2019 is the best
baseline for calibration development and testing.

Representative spaces were selected based on
orientation, occupancy, function, and schedules to
extrapolate monitored conditions. 39 Testo 174 H
temperature and humidity loggers (18 ground
floor, 21 first floor), 18 HOBO UX90-005x occupancy
and lighting loggers (6 ground floor, 12 first floor),
and 8 window loggers (HOBO UX90-001x) in first-
floor offices were installed. Table 2 presents the
monitoring equipment and measurement intervals.
Indoor temperature and humidity were measured at
various locations in occupied zones (Figure 2).
Sensors, installed per ISO 7726 guidelines at appro-
priate heights and distances, recorded data every
10 minutes, capturing short-term fluctuations and
long-term cycles.

U-value measurements of envelope elements (walls,
columns, glazing, and frames) were carried out using
Testo 435-2 with a radio-frequency external temperature
probe and a three-wire thermocouple surface probe
(Table 2). The method involved recording outdoor,
indoor, and wall surface temperatures when the
indoor-outdoor temperature difference (AT) exceeded
15°C, as recommended for accurate thermal transmit-
tance assessment. A summary of measurement dates,
locations, points, and data is in Table 3. The measured
U-values listed in Table 3 served as inputs for the Baseline
(V0.0) and initial calibration iterations. A —5.00% correc-
tion factor, described later (V1.9), was applied to these
measurements as a calibration adjustment to account for
thermal bridging not captured by the point probes.

Outdoor climatic data, including temperature (°
Q), relative humidity (%), wind speed (m/s), wind
direction (°), and global horizontal solar radiation
(W/m?), were recorded at 10-minute intervals,
using an on-site Davis Vantage Pro2 microclimatic
weather station (Table 2). Hourly cloudiness data
were obtained from the national meteorological
service. These parameters were later used to
develop the simulation weather file and to verify
the accuracy of boundary conditions in the building
energy simulation model.

Occupant presence and lighting use behavior
were recorded at T-minute intervals. Window opera-
tion was also monitored to record open/close states
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PHASE 1: ENERGY PERFORMANCE MONITORING

Performance Audit [Observation-Based]
- Location and Orientation
- Environmental Effects
- As-built drawings / Building Survey
- Operation and Occupancy Characteristics

Monitoring Campaign

Indoor Environmental Monitoring
- Temperature (°C, 10-minute interval)
- Relative Humidity (%, 10-minute interval)

Physical Properties
- Envelope U-values (point, repeated)

Outdoor Environmental Monitoring
- Microclimatic data (10-minute interval)

Occupant Behavior Monitoring
- Presence/Absence (1-minute interval)
- Window Open/Close State (1-minute interval)
- Lighting On/Off (1-minute interval)
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End-Use Consumption Monitoring
- Gas Consumption (Monthly)

PHASE 2: DATA PRE-PROCESSING

v

Indoor Environmental Data
- Temperature (°C, hourly mean)
- Relative Humidity (%, hourly mean)

Physical Properties
- Envelope U-values (point medians)

Outdoor Environmental Monitoring
- Microclimatic data (hourly mean)

Occupant Behavior Monitoring
- Presence/Absence (hourly mean)
- Window Open/Close State (hourly mean)
- Lighting On/Off (hourly mean)

PHASE 3: SIMULATION MODELING

Baseline Simulation and Deterministic Modeling
- Observational Data
- Assumptions
- Indoor and Outdoor Environmental Data

Check Model Errors
- ASHRAE Guideline 14
- IPMVP

N

PHASE 4: CALIBRATION AND EVALUATION

Figure 1. Framework of the study.

Iterative Calibration Runs

Check Model Errors
- ASHRAE Guideline 14
- IPMVP
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Table 1. Case building characteristics.

Characteristic

Location and View of the
Case Building

Total Floor Area 1486.00 m?
Heated Floor Area 1336.73 m?
Floor Height 330m
Total Volume 4903.80 m*
Total Facade Area 1192.32 m?
Total Window Area 278.02m?
WWR 23.32% (~40%
with atrium)
Compactness (A¢/Vior) 0.24

(Table 2). No thermostat or HVAC setpoint adjust-
ments were observed, as the case building uses a
centrally controlled heating system with no user-
side interfaces. No interviews or qualitative surveys
were conducted, as the study focused exclusively
on objective, measurement-based behavioral char-
acterization. These datasets served as inputs to the
behavior-integrated calibration stages described in
Section 2.4.

2.2. Data pre-processing

All monitoring data from the 12-month campaign
were processed in Microsoft Excel. The workflow
involved transferring raw data from all loggers,
then systematically cleaning, structuring, and aggre-
gating them. Timestamps were checked for continu-
ity, with missing entries removed. Implausible
outliers were filtered, and short gaps (<30 min) filled
via linear extrapolation. Data at 10- and 1-minute
intervals were converted to hourly averages, giving
8760 hourly values per sensor for 2019. In rooms
with multiple sensors, data were averaged to create
a single profile, capturing spatial differences, such
as interior vs. exterior walls. For example, three
sensors in Studio A3 (Figure 2) were processed
separately, then averaged to produce a unified tem-
perature and humidity profile. Unmonitored spaces
received profiles based on similarities to known
rooms. Gas consumption data at the building level
were allocated to the M1 Block proportionally,
based on its share of the total heated volume. The
2019 heating energy distribution for M1 is shown in
Table 4.

2.3. Simulation modeling

Aligned with the framework in Figure 1, simulations
of the M1 Building were conducted using EDSL Tas

(Environmental Design  Solutions Ltd., Tas
Engineering, version 9.4.4), a dynamic building
energy simulation tool used to predict transient ther-
mal behavior and space-conditioning energy
demand. The software employs a zone-based heat
balance approach, in which each thermal zone is
represented by coupled energy balance equations
that account for heat transfer through the building
envelope, internal heat gains, ventilation and infiltra-
tion, and thermal storage. Transient calculations are
performed using time-step methods that resolve the
interactions among external boundary conditions,
internal loads, and zone air temperatures over the
simulation period (EDSL 2026).

EDSL Tas consists of four integrated modules: (1)
3D Modeler, used for defining building geometry
and thermal zoning, (2) Building Simulator, where
construction properties, internal gains, operational
schedules, and system parameters are assigned, (3)
Results Viewer, used for post-processing and ana-
lysis of simulation outputs; and (4) Tas Systems,
used for defining HVAC system configurations. In
this study, the building geometry and zoning were
first developed in the 3D Modeler and later trans-
ferred to the Building Simulator, where envelope
properties, internal conditions, and calibration
parameters were specified (EDSL 2026). This mod-
ular structure enabled a transparent, reproducible
implementation within the iterative calibration
workflow.

Heating and cooling loads are calculated at the
zone level based on the imbalance between internal
gains, envelope heat transfer, and air exchange losses.
HVAC system performance is represented in the TAS
Systems module through user-defined system config-
urations and control assumptions, enabling the simu-
lation of centralized heating operation and zone-level
thermal response under specified setpoints and
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Figure 2. Dataloggers installed in the building.

schedules (EDSL 2026). While system modeling is sim-
pler than component-level plant simulations, this
approach is well suited for assessing space-condition-
ing demand and for calibration against measured
energy use in existing buildings.

EDSL Tas complies with the ASHRAE Standard
140 test suite, which provides a standardized fra-
mework for assessing the performance of building
energy simulation programs under controlled ther-
mal scenarios. Hence, the software produces
results consistent with other established simulation

|/ \H_L/ {/ | ] Studio A5

m [l Testo 174H (T "
I HOBO UX90-005X (OccupancyIngm)
[ HOBO UX90-001X (Window State)

1 1
— - Testo 174H (Temperature/RH) — = === ===~ — ! HOBO UX90-001X (Window State) - —

FIRST FLOOR PLAN

Eﬂ?

tools for zone heat balance calculations and space-
conditioning load prediction, supporting its suit-
ability for the present study (EDSL 2026).
Therefore, a multizone simulation model was devel-
oped in EDSL Tas to accurately represent the building’s
spatial and functional divisions. All physical and opera-
tional features were first constructed in the 3D Modeler
and then transferred to the Building Simulator module.
Figure 3 illustrates the resulting building geometry
showing the north and south facades. The model cap-
tures the building’s spatial configuration, thermal
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Table 4. Monthly gas consumption shares for M1 building (2019).

Month Gas Consumption (kWh)
January 49883,91
February 43720,39
March 30349,61
April 11574,24
May 1511,48
June 17,34
October 2257,02
November 30694,70
December 56656,58
Total 226665,28

zoning, orientation, and envelope articulation, which
form the basis for assigning construction properties,
internal gains, and operational schedules within the
simulation environment.

The weather data interface of the Building
Simulator allows on-site measured weather data to
be imported in an hourly tabular format. In this
study, the hourly microclimatic dataset obtained
from on-site monitoring was formatted accordingly
and integrated into the simulation to define bound-
ary conditions for the annual analysis. Measured U-
values for walls, columns, glazing, and frames were
incorporated into the model as listed in Table 3
minimizing envelope-related uncertainty and improv-
ing alignment between the physical building and the
simulated representation.

Internal conditions and system-related parameters
were specified based on a combination of field obser-
vations, measured data, and standard references.
Heating setpoints and controls were defined according
to observations of the centrally managed heating sys-
tem. Boiler efficiency was assumed to be 79% under
typical winter non-condensing operation, consistent
with experimentally reported efficiencies for tradi-
tional boilers (Balanescu and Homutescu 2018).
Individual thermostat control was not modeled, as
occupants did not have local temperature control.
Infiltration and ventilation rates were estimated using
ASHRAE (2017) standard values, as direct measure-
ments were unavailable. Occupancy, lighting, equip-
ment, and metabolic gains were assigned using a
combination of schedule-based monitoring data
(including occupant presence, lighting use, and

Figure 3. EDSL Tas model (a) north and (b) south facades.

window operation) and standard assumptions from
ASHRAE (2017) and ASHRAE 55 2010.

Internal gains and air exchange parameters were
assigned at the zone level through the Internal
Conditions module, using hourly schedules or functional
factors: infiltration (ach), ventilation (ach), lighting gains
(W/m?), occupant sensible gains (W/m?), occupant latent
gains (W/m?), equipment sensible gains (W/m?), and
equipment latent gains (W/m?). By combining measured
microclimatic data, empirically derived U-values, field
observations of heating system operation, and standard
internal-gain assumptions, the baseline BES model for the
monitored building was developed. As shown in Figure 4,
the baseline model served as the starting point for the
calibration process described in Section 2.4. The baseline
was deterministic, relying on 2004 occupancy schedules,
default profiles for equipment and lighting use, reported
HVAC operation schedules, measured envelope proper-
ties, and the 2019 weather dataset obtained from on-site
monitoring. It represented typical practice, with determi-
nistic occupant presence and behavior. The difference
between baseline predictions and measured energy use
provided the initial estimate of the building energy per-
formance gap (BEPG).

2.4. Calibration and evaluation

The third step in the methodological framework
demonstrates that a BES model based on assumed or
deterministic inputs, especially when parameters are
limited, produces energy predictions that deviate from
real building behavior. Therefore, phase four of the
workflow (Figure 1) focuses on developing a structured

(b)
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calibration procedure to systematically reduce this dis-
crepancy and assess the contribution of occupant-
related behavioral parameters to model accuracy. As
discussed in the Introduction, calibrated models
reduce the BEPG and improve predictive reliability.
This section describes the calibration methodology in
detail, which allowed the assessment of the main
research questions: (i) whether simplified OB models
contribute to BEPG, (ii) how measured occupant data
affect calibration precision, and (iii) how adaptive and
non-adaptive behaviors impact the calibrated model’s
performance. The calibration approach adopted in the
present study followed the iterative strategy pre-
viously proposed by Gucyeter (2018), adapted from
Raftery, Keane, and Costa (2009), and informed by the
requirements of ASHRAE Guideline 14 (2014) and
IPMVP (2012).

2.4.1. lterative calibration workflow

When deviations between the model and measure-
ments exceeded thresholds in Table 5, calibration con-
tinued by adjusting the most probable source of
discrepancy. If a specific parameter, such as infiltration,
setpoint, or thermal transmittance, was identified, it
was modified, and the simulation was rerun. If no
direct source was found, parameters were adjusted
sequentially following the workflow in Figure 4 until

Table 5. Calibration benchmarks.

Calibration Type

Guidelines Hourly Monthly

ASHRAE 14 NMBE +10% +5%
CV(RMSE) 30% 15%

IPMVP NMBE +5% +20%
CV(RMSE) 20% NA

with Measured |« rrerreeeees

Data Set:

- existing physical conditions (audit)

- building envelope characteristics (measured)
- weather data (monitored )

- heating setpoints

- occupancy information based on audit

- heating system properties

ITERATIVE RUNS
VXY

A
NO :

Source(s) of Discrepancy
Identified?

YES :
M

Adjust Relevant
Parameters

Figure 4. Iterativeerative calibration approach (Gucyeter 2018; Raftery, Keane, and Costa 2009).

the simulated and measured data converged and the
CV (RMSE) and NMBE decreased.

A four-step hierarchical framework was used to cali-
brate the building energy model (Figure 5): (1) a con-
ventionally calibrated baseline: V1, (2) presence-based
calibration: V2, (3) presence and window operation
behavior: V3, and (4) calibration combining presence,
window operation, and lighting use behavior: V4. The
framework systematically evaluated how behavioral
parameters affected discrepancies between the
model and monitoring data. The uncalibrated baseline
model (V0.0) was created through five runs using the
physical, operational, and climatic data described in
Section 2.3. It was then calibrated using standard para-
meters, including infiltration coefficients, envelope U-
values, heating setpoints, internal gains, and assumed
indoor temperature profiles. V1 produced models cali-
brated with conventional parameter adjustments until
the lowest errors were achieved, per ASHRAE Guideline
14 (2014). After V1, the workflow incorporated empiri-
cal occupant presence data (V2). Two iterations
assessed the impact of refining presence data: V2.1
used only measured occupant presence (from HOBO
UX90-005x). V2.2 combined measured presence with
extrapolated schedules for unmonitored zones. Both
began from the best-performing model (V1.9). This
phase evaluated how replacing default schedules
with empirical patterns improved calibration accuracy.

Next, ventilation-related behavior for window opera-
tion events (V3) was integrated into two model types.
Single-parameter iterations (S) isolated the effect of the
window operation behaviors. V3.1S used the measured
window state, while V3.2S incorporated inferred (mea-
sured and extrapolated) window state behavior for
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V0.0 - first run / baseline model

Vi1to V18
z omeie > - assumed indoor temperatures
- measured indoor temperatures
- calculated infiltration coefficients

A

- assumed additional heat transfer

V1.9 - calibration via conventional parameters

---------- >» (IL‘Cllp(llIf presence

V2.1 - measured occupant presence

presence

V2.2 - measured and extrapolated occupant

et teressrssasaes e >» ]vi"d()”r ()1)(7,*([”‘()” b()ha‘)f()r D O

V3.1S - measured window operation behavior

-q--+---| V3.1C - measured window operation behavior <

V3.2S - measured and extrapolated window
operation behavior

V3.2C - measured and extrapolated window
operation behavior

T » lighting use behavior

(- »  V4.1S - measured lighting use behavior

————————— > V4.1C - measured and extrapolated lighting

== use behavior

use behavior

-
I

1

I

: V4.2S - measured lighting use behavior

l

I

L V4.2C - measured and extrapolated lighting

Figure 5. Iterativeerative calibration framework using single and combined parameter sets.

unmonitored zones using the V1.9 model. Combined-
parameter iterations (C) evaluated window operation
behavior along with empirical presence data. V3.1C
integrated measured window operation with measured
and derived presence schedules using V2.2, whereas

V3.2C added extrapolated window operation behavior
to the V3.1C model. This stage examined how adaptive
window operation affected heat gains, losses, and air-
change rates when applied alone or in combination
with refined presence schedules.
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The last step, V4, incorporated lighting use behavior
using the same single-parameter and combined-para-
meter logic. V4.1S applied measured lighting use beha-
vior directly to V1.9, while V4.2S expanded this with
extrapolated lighting schedules. Combined-parameter
iterations V4.1C and V4.2C were constructed based on
the presence-and-window-operation data model
(V3.1Q), enabling the evaluation of lighting use as
part of a fully integrated behavioral profile. This final
stage completed the calibration hierarchy, enabling
systematic comparison of how each behavioral com-
ponent, presence, window operation, and lighting use
contributed to improving model accuracy.

2.4.2. Evaluation metrics and analysis

Model predictive accuracy was assessed by comparing
hourly indoor temperatures and monthly heating con-
sumption with monitoring data across three stages: (1)
deterministic baseline model, (2) conventionally cali-
brated model, and (3) behavior-integrated models.
Performance was measured using NMBE and CV
(RMSE), calculated as follows:

NMBE(%) = % 1
P I (M = S))?
CV(RMSE) (%) = 7 x 100 (2)
Where:

M,; is the measured value at time |,

S; is the simulated value at time |,

e nis the number of data points,

e p is the number of adjusted «calibration
parameters,

e M is the mean of the measured values.

Results were benchmarked against ASHRAE Guideline
14 (2014) and the IPMVP (2012) compliance limits
(Table 5), including secondary metrics such as mean
hourly correlation (r°) and temperature difference (AT).
Following the hierarchical workflow of modifying only
one parameter per iteration with prior inputs fixed, the
independent parameter count was p = 1 for calibrated
simulations.

3. Findings and discussion
3.1. Uncalibrated baseline (VO0)

The baseline model (V0.0) was created using mea-
sured envelope U-values, on-site weather data, and
deterministic internal gains and schedules based
on 2004. The simulation covered 2019, with hourly
outputs compared to monitored data from 32
zones. In terms of thermal behavior, the baseline
model captured the building’s indoor temperature

trends but exhibited significant local deviations.
The mean hourly correlation coefficient (r?) across
all zones was 0.69 (Table 6), with individual zones
ranging from 0.90 (atrium and workshop) to 0.28
(computer lab).

The mean temperature difference between mea-
sured and simulated values was 1.22°C (Table 6). To
move beyond aggregate error metrics and examine
the distributional structure of model error, Figure 6
presents the frequency distributions of hourly
indoor temperature differences (AT=T,, — T,) for
the uncalibrated baseline (VO) and the conventional
calibration (V1), based on 8760 hours of data across
32 zones, totaling 280,320 data points. In Figure 6,
the blue histogram bars represent the empirical
frequency of AT values, while the fitted trendline
(dotted red) highlights the systematic bias and dis-
tributional tendencies within each iteration. In V0.0,
errors exhibited a platykurtic distribution with a
flattened peak at 28,950 hours (mode =1.00°C) and
a wide error extending from approximately —6.00°C
to +10.00°C. This broad dispersion indicated that,
despite a low mean error, the uncalibrated model
showed substantial deviations from actual hourly
temperature fluctuations, suggesting model defi-
ciencies that are not captured by mean-based per-
formance indicators alone.

The NMBE and CV (RMSE) for indoor temperature
were 5.24% and 16.70%, respectively. These metrics
were acceptable for hourly calibration, but the distribu-
tion of temperature differences (Figure 6) indicated that
the model failed to capture specific thermal dynamics
and did not follow a normal error distribution. Heating
energy prediction revealed a significant gap: simulated
annual consumption was 143.86 kWh/m?, while actual
consumption was 169.57 kWh/m?, resulting in an NMBE
of —15.16%, a CV(RMSE) of 26.42%, and a failure to meet
ASHRAE or IPMVP standards, confirming the V0.0's lim-
itations. Although thermally plausible (=0.69), V0.0
inaccurately estimated consumption, due to inadequate
representation of infiltration, setpoint schedules, and
internal gains. The findings are consistent with prior
research showing that ungrounded assumptions about
infiltration and schedules are major contributors to per-
formance gaps (Menezes et al. 2012). The baseline
model, therefore, provided a clear motivation for a
structured calibration.

3.2. Conventional parameter calibration (V1)

This phase addressed uncertainties related to the
envelope and building operation using standard cali-
bration parameters, specifically indoor temperature
setpoints, infiltration rates, and envelope thermal
properties, before considering the effects of stochastic
OB on model calibration.
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Figure 6. Frequency distribution of hourly temperature differences (AT = Tm — Ts) across iterative calibration runs V0.0 to V1.9.
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3.2.1. Integration of monitored hourly
temperatures (V1.1)
The first calibration iteration (V1.1) replaced fixed heat-
ing schedules, previously based on indoor temperature
margins, with annual hourly temperature profiles from
monitoring data. A + 0.50°C adjustment was applied to
the hourly-averaged temperatures as the upper tem-
perature setpoint limit, and a —1.00°C adjustment was
applied to the lower heating setpoint. Data showed
that the indoor heating setpoint was lowered on week-
ends; therefore, a median 10% reduction in the heating
setpoint was also implemented in V1.1. These adjust-
ments improved the accuracy of the temperature pro-
file. The mean correlation coefficient (r%) increased to
0.85, and the mean temperature difference decreased
to 0.99°C, with an NMBE and CV(RMSE) of 4.23% and
13.62%, respectively. However, improvements in pre-
dicting heating energy were minor: NMBE remained at
—13.06%, and CV(RMSE) decreased slightly to 21.27%,
still exceeding ASHRAE Guideline 14 and IPMVP limits.
The error histograms show a clear difference
between the uncalibrated baseline (V0.0) and the
first calibration iteration (V1.1). The baseline had a
wide, platykurtic error distribution (Section 3.1;
Figure 6), indicating high random variation. V1.1
replaced fixed schedules with annual hourly pro-
files constrained by setpoint limits and a median
10% weekend reduction. These changes created a
more peaked, compressed distribution with 40,353
hours, improving indoor temperature calibration
accuracy (» =0.85). However, this consistency
reveals a systematic bias, with a skewed distribu-
tion shifting the mode from about 1.00°C to 4.00°C.
The simulation underpredicts indoor temperatures,
and despite strict setpoint constraints, minimal
improvement in heating energy prediction sug-
gests physics issues, such as uncalibrated infiltra-
tion or U-values, or operational factors, such as
weekend setbacks, cause the model to run colder
than actual. For V1.1, hourly temperature schedules
alone cannot fully address the underestimation of
heating energy; envelope or infiltration parameters
account for most of the discrepancies. Indoor tem-
perature accuracy can improve without propor-
tional heating prediction improvements for older
buildings with continuously operating heating sys-
tems that obscure underlying envelope
inefficiencies.

3.2.2. Extrapolated infiltration assumptions (V1.2)

To address the underestimation of heat loss observed
in V0.0 and V1.1, airtightness values (ACH50) measured
in a neighboring building of similar age and construc-
tion on the same campus were applied to the model
(ranging from 0.26 to 5.00 ACH) to test the transfer-
ability of envelope infiltration data. V1.2 resulted in a
significant overestimation of energy use. The heating

consumption NMBE shifted from a —13.06% underesti-
mation to a+ 25.63% overestimation, and the CV
(RMSE) increased to 32.79% (Table 6). Results showed
airtightness is building-specific and cannot be reliably
transferred, even between similar structures. Error ana-
lysis (Figure 6) revealed a leptokurtic distribution with
a peak at 44,375 hours and a positive temperature bias,
where simulated indoor temperatures were lower than
actual temperatures. Excessive infiltration coefficients
led to an overestimate of heating consumption
(+25.63% NMBE), failing to account for actual use
fully. Indoor temperature predictions were low, con-
firming that airtightness is a highly building-specific
factor influenced by construction defects, which is
critical for accurate heating energy modeling.

3.2.3. Calculation-based infiltration estimations
(V1.3 and V1.4)

Airtightness coefficients, based on the 2010 standard,
were recalculated by estimating infiltration from envel-
ope geometry instead of surrogate measurements.
Two scaling factors tested were a normal baseline (F
=0.40in V1.3) and a tighter envelope assumption (F =
0.30 in V1.4). Both iterations brought the model within
the benchmarks (Table 6), confirming that the esti-
mates were more reliable than those from surrogate
data. V1.3 achieved an NMBE of +5.04% and a CV
(RMSE) of 15.26%. Tighter assumptions in V1.4 (0.12-
2.33 ACH) improved consumption prediction, with
NMBE shifting to —3.08% and CV (RMSE) to 14.78%.
This suggests that the actual envelope was less perme-
able than the standard assumption. Despite better
consumption estimates, the error distribution
remained similar (Figure 6). V1.3's mode was 3.00°C
(41,267 hours), while V1.4 shifted to 4.00°C (40,832
hours), indicating the model underpredicted indoor
temperatures. The discrepancy between high con-
sumption accuracy and biased temperature predic-
tions indicates that the model ran cooler than the
actual building, an issue to be addressed in future
calibration through evaluating the dynamic thermal
response and thermal mass.

3.2.4. Correction of weekend setback assumptions
(V1.5)

Previous iterations assumed a 10% reduction in week-
end heating regimes. Iteration V1.5 tested continuous
heating without weekend setback, resulting in a
noticeable change in energy predictions. The heating
consumption NMBE shifted from underestimation in
the previous step (—3.08%) to slight overestimation
(+2.47%), while the CV (RMSE) improved to 14.19%
(Table 6). This confirms that the building’s heating
system operates as on workdays due to technical fac-
tors such as freeze protection and the high thermal
inertia of the hydronic system, which discourage fre-
quent shutdowns. Error distribution for V1.5 (Figure 6)
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supports this improvement, as the mode in V1.4 was at
4.00°C, shifting significantly to 2.00°C in V1.5. At the
same time, the peak frequency of hours around the
mode increased to 45,040 hours, indicating greater
temporal consistency. Additionally, improved indoor
temperature calibration (?=0.87) and reduced mean
hourly temperature difference (AT =0.96°C) suggest
that the weekend setback assumption in earlier mod-
els contributed to the higher positive temperature
differences (Table 6).

3.2.5. Direct use of monitored hourly temperatures
(V1.6)

Iteration V1.6 removed temperature control limits and
used monitored temperatures as hourly setpoints to see
whether exact empirical data would improve calibration.
This adjustment reduced prediction accuracy, increasing
NMBE to 12.13% and CV (RMSE) to 18.68%, failing
ASHRAE Guideline 14 benchmarks (Table 6). Although
the model closely tracked indoor environmental condi-
tions (¥ =0.88; AT =0.36°C), the energy consumption
levels required to do so were high, indicating that the
simulation was micro-cycling or responding to noise in
the raw data that actual heating systems with hysteresis
would ignore. The error distribution for V1.6 (Figure 6)
highlights this, showing peaking at 49,624 hours and
clustering around 1.00°C. The discrepancy between
error frequency, mean temperature difference, and
unrealistic consumption shifts (Table 6). suggests a need
to smooth thermostat deadband data to simulate control
inertia. Removing the deadband caused the model to
overreact to tiny temperature changes, increasing energy
use despite a seemingly ideal error distribution.

3.2.6. Use of monitored hourly temperatures with
control deadband (V1.7 and V1.8)

V1.7 and V1.8 tested reintroducing a control deadband
around hourly indoor temperature data. This aimed to
balance the thermal accuracy of V1.6 with the more
realistic consumption patterns of earlier iterations. In
V1.7, an upper limit of +0.50°C and a lower limit of

—0.50°C were applied to monitored hourly data,
whereas V1.8 widened the deadband asymmetrically
to an upper limit of +0.50°C and a lower limit of —1.50°
C.In V1.8, the NMBE and CV(RMSE) decreased to 7.29%
and 15.79%, meeting ASHRAE guidelines, with an
indoor temperature correlation of 0.88 and a mean
difference of 0.66°C. However, widening the band in
V1.8 caused the model to under-predict consumption
(NMBE = —2.34%; CV(RMSE) = 14.23%) and to shift the
temperature calibration (P = 0.86; AT = 1.24°C), indicat-
ing that V1.7’s range provided better calibration. The
error distribution for V1.7 peaked at 2.00°C, whereas
V1.8 had a flatter distribution. V1.7 balanced good
temperature fit with accurate energy consumption
reflection.

3.2.7. U-Value adjustments (V1.9)

By iteration V1.9, further thermostat deadband testing
was unnecessary, as a calibrated model had been estab-
lished in V1.7. To reduce the gap between simulated
and measured heating, a uniform —5.00% correction
was applied to envelope U-values, aligning energy use
with actual data (NMBE = 1.39%; CV (RMSE) = 14.21%).
This calibration, meeting ASHRAE 14 and IPMVP stan-
dards, confirmed model stability (Figure 6) with a lepto-
kurtic error distribution, peak at 45,542 hours at 2.00°C.
U-value reductions primarily affected energy needs
rather than temperature distribution, achieving
balanced thermal profiles and consumption patterns.
The resulting reliable model minimized errors and
served as a reference for evaluating OB adjustments.

3.3. Sensitivity analysis of behavior-integrated
calibration (V2 to V4)

The conventional calibration created a reference
model (V1.9) that met the benchmarks (NMBE =
1.39%) but relied on deterministic assumptions, using
the default 2004 schedules and the internal gains listed
in Table 6. The subsequent integration of measured
behavioral datasets in phases V2 through V4 led to
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shifts in energy prediction accuracy. Instead of viewing ~ 3.3.1. Sensitivity to non-adaptive occupant

these shifts solely as changes in reliability, this section  presence (V2.1 and V2.2)

examines them as sensitivity indices that measure the The first iteration, V2.1, replaced 2004 occupancy sche-
impact of specific adaptive and non-adaptive beha- dules with high-resolution presence data from 17
viors relative to the calibrated reference model. monitored zones. V2.2 used data extrapolation for
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unmonitored spaces. The baseline assumed continu-
ous occupancy during work hours, resulting in con-
stant heat gains. Data showed actual occupancy was
more stochastic and lower than standard assumptions
(Figure 7).

The error distribution for V2.1 (Figure 8) shows the
impact of reduced internal gains compared to the refer-
ence model. It remains stable and leptokurtic, peaking at
47,127 hours at 2.00°C, reflecting V1.9's thermal profile.
Adding measured presence shifted energy predictions,
with NMBE rising from 1.39% (V1.9) to 3.96%, a + 2.57%
sensitivity (Table 7). This shift and positive AT bias suggest
V1.9's calibration compensated for envelope heat losses
using overestimated internal gains from 2004 schedules,
replacing continuous occupant presence with intermit-
tent presence, which increased heating system compen-
sation and predicted energy use. Model V2.2 expanded
the measured data by applying extrapolated monitored
occupancy to unmonitored zones based on functional
and density similarities to test the sensitivity of the
whole-building occupant density. The error distribution
for V2.2 (Figure 8) was similar to V2.1, peaking at 47,805
hours at 2.00°C. Extrapolating to unmonitored zones
further reduced internal gains, increasing the V2.1 con-
sumption discrepancy to an NMBE of 4.19% (Table 7), a
total increase of 2.80% or 4.74 kWh/m?. Using realistic
presence schedules revealed a higher heating demand
that had previously been obscured by the inflated internal
gains assumed in ASHRAE 90.1. In similar studies, repla-
cing static occupancy schedules with high-resolution,
monitored presence typically reduced hourly CV (RMSE)
by 5-20% in office and educational buildings (Gunay,
O’Brien, and Beausoleil-Morrison 2015; Sayfikar and
Jenkins 2021; Tahmasebi and Mahdavi 2015).

3.3.2. Sensitivity to adaptive window operation
(V3.1S to V3.2C)

Adaptive window operation was evaluated to assess
the model’s sensitivity to ventilation-driven heat loss.
Window operation was monitored as a binary state (0
=closed, 1=o0pen) using HOBO UX90-001x state
change dataloggers installed on operable windows.
The devices recorded time-stamped opening and

closing events, allowing the window opening duration
to be derived from the elapsed time between succes-
sive state changes.

For visualization and for compatibility with hourly
simulation inputs, the event-based binary series were
converted into hourly fractional values. For each hour,
the total duration the window remained open was
calculated as a time fraction ranging from 0 (window
fully closed per hour) to 1 (window fully open per
hour). Intermediate values represent partial opening
durations; for example, a value of 0.2 corresponds to
a 12-minute window opening (Figure 9). When an
opening event spanned multiple hours, the open dura-
tion was allocated proportionally to the corresponding
hours. Figure 9 presents these hourly fractions, reflect-
ing measured open-time proportions rather than
instantaneous window states.

In V3 iterations, the model’s sensitivity to ventila-
tion-driven heat loss was assessed. Monitoring data
from eight offices revealed pronounced inter-occupant
variability in window operation behavior. For example,
the occupant in Office 101 frequently kept the 0.60 x
0.60 m operable window open (Figure 9), whereas the
occupant in Office 106 rarely opened it. Window
operation behavior was evaluated as a single para-
meter with the suffix S (as a behavioral version of
V1.9) and as a combined parameter with the suffix C
(as a behavioral version of the presence-calibrated
models V2.1 and V2.2).

Models V3.1S and V3.1C used monitored opening
patterns in eight offices (Figure 2) to assess the
effects of natural ventilation on thermal performance.
The error distribution for V3.1S resembled V1.9, with
a peak at 2.00°C and 45,549 hours. V3.1C, based on
V2.1, had a similar peak at 2.00°C and 47,567 hours
(Figure 8). Error distributions were stable, but the
consumption data were sensitive to ventilation
losses. In V3.1S, the monthly consumption NMBE
changed by +0.37% (from 1.39% to 1.76%; Table 7).
In V3.1C, reduced internal gains caused the error to
increase by +0.59% compared to V2.1 (3.96% to
4.55%; Table 7). The limited magnitude of this shift
is due to the building’s physical characteristics. The
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Figure 9. Hourly adaptive window operation fractions derived from state-change monitoring for the occupant in office 101 (Jan

7th to 18th, 2019).
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operable window area in the monitored zones was
small (0.36 m?), which slightly increased heating sys-
tem consumption.

Models V3.2S and V3.2C extrapolated monitored
window state probabilities to other building zones
based on OB to assess the sensitivity of the whole-
building energy balance to adaptive ventilation. The
error distribution for these extrapolated models
showed that the heating system effectively offset the
thermal effects of whole-building adaptive ventilation.
V3.2S had a slight peak increase to 45,811 hours at
2.00°C versus V1.9, while V3.2C maintained 47,694
hours (Figures 5 and 7). While the histograms indicated
indoor temperature stability between iterations, win-
dow operation influenced consumption profiles.
Extrapolating monitored window operation in V3.2S
increased the heating consumption NMBE to 4.24%,
with a sensitivity of +2.85% compared to the baseline.
The combined effect of lower occupant sensible gains
and higher ventilation losses (V3.2C) shifted the NMBE
to 7.05%, reflecting a substantial net sensitivity of
+2.86% compared to V2.2 (Table 7).

For V3 iterations, error distributions showed that the
iterations reliably tracked indoor temperature setpoints
and indicated an increase in end consumption to offset
the ingress of outdoor air temperature caused by natural
ventilation. This reveals the building’s actual thermal
behavior, which the conventionally calibrated reference
model (V1.9) lacked. Ignoring adaptive ventilation beha-
viors may lead to a systematic underestimation of con-
sumption. As the number of monitored zones with active
window operation increases, the discrepancy may
become even more significant (Penna et al. 2015).

3.3.3. Sensitivity to adaptive lighting use (V4.1S to
V4.2C)

Monitored lighting use schedules were incorporated to
assess additional internal gains, a key factor in build-
ings with dated lighting systems. Lighting use was
monitored as a binary state variable (1 =on, 0= off)
using one-minute interval loggers, installed in each
zone as reported in Table 2. The devices recorded the

lighting state at each minute, allowing the total dura-
tion of lighting use behavior to be derived for each
hour. For visualization and compatibility with hourly
simulation inputs, the one-minute binary series was
aggregated into hourly fractional values. For each
hour, the number of minutes the lights were on was
summed and divided by 60, yielding an hourly light-
ing-use fraction ranging from 0 (lights off for the entire
hour) to 1 (lights on for the entire hour). Intermediate
values represent partial-hour usage (e.g., 0.3 corre-
sponds to approximately 18 minutes of lighting use).
Figure 10 presents these hourly fractions, which reflect
the proportion of lighting on-time rather than the
instantaneous lighting state.

Monitoring data from 17 zones indicated that light-
ing use in active spaces, such as offices and studios,
frequently extended beyond the duration or intensity
predicted by baseline schedules. For example, Figure
10 illustrates lighting use in the open studio during
and after class hours when students were present.
Lighting use behavior (0 =o0n, 1= off) was tested as a
single parameter (suffix S) as a behavioral iteration of
V1.9, and as a combined parameter (suffix C) as a
behavioral iteration of the presence-and-window-
operation-calibrated models (V31.C).

Models V4.1S and V4.1C incorporate monitored
lighting data, isolating the direct impact of lighting
sensible heat gains. Error distributions for both the
single (V4.1S) and combined (V4.1C) iterations showed
that lighting gains did not affect overall indoor tem-
perature fluctuations (Figure 8). Unlike presence and
window operation, which increased predicted heating
consumption (positive sensitivity), lighting use beha-
vior demonstrated a negative sensitivity. In V4.1S,
incorporating measured lighting decreased the heat-
ing consumption NMBE by 0.67%, reducing it from
1.39% (in V1.9) to 0.72% (Table 7). In the combined
model (V4.1C), lighting use behavior lowered the total
error from 4.55% (in V3.1C) to 3.90%, a reduction of
0.65%. This consistent negative sensitivity confirms
that lighting acts as a corrective internal heat source.
The measured data indicated that actual lighting use
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exceeded baseline assumptions, providing internal
gains that offset part of the heating demand caused
by occupant density and ventilation losses.

Models V4.2S and V4.2C extrapolated the monitored
lighting use behavior to unmonitored zones, testing the
sensitivity of the whole-building energy balance to
widespread lighting gains. The error distributions con-
firmed that the building’s thermal mass and HVAC sys-
tem effectively buffered the increase in internal gains,
maintaining indoor temperature profiles in V4.2S and
V4.2C (Figure 8). These iterations showed the highest
sensitivity to lighting gains and further reduced the
predicted heating consumption. Extrapolating mea-
sured lighting use as a single parameter (V4.2S)
decreased the heating consumption NMBE to 0.54%, a
net reduction of 0.85% compared to the conventional
reference model (Table 7). In the final fully integrated
model, which included measured and extrapolated pre-
sence, window operation, and lighting use behavior
(V4.2C), the heating consumption error decreased by
0.83% relative to V3.1C, resulting in a final NMBE of
3.72%. This highlights the importance of lighting use
as a significant, distributed heat source in educational
buildings. Accurately modeling these gains reduces pre-
dicted heating needs, partially offsetting load increases
caused by realistic occupancy and ventilation modeling,
resulting in a more physically coherent energy balance.

4. Synthesis and generalization

The iterative calibration workflow demonstrated that
meeting the statistical standards of ASHRAE Guideline

: High sensitivity:
: ventilation load

vV +2.86%

. Moderate sensitivity:
loss of sensible
occupancy gains

Y +2.80%

Heating Consumption NMBE (%)

: Statistically accurate but
: physically obscured

v 1.39%

14 and IPMVP does not automatically ensure the physical
accuracy of a building energy simulation (BES) model. By
carefully separating behavioral inputs from physical para-
meters, this study uncovered a key phenomenon of
compensating errors that often appear during manual
calibration.

The conventional calibration phase ended with
V1.9, which reached the highest statistical accuracy
(NMBE=1.39%, CV (RMSE)=14.21%; Table 6).
However, adding measured occupant presence in
V2.1 increased the energy prediction error to 3.96%.
This change showed that the conventional model had
achieved accuracy by balancing two opposing errors.

(1) Overestimated Internal Gains: The baseline
ASHRAE 90.1 schedules assumed continuous
occupancy and higher density, artificially inflat-
ing the internal heat generation.

(2) Artificially Tight Envelope: To counterbalance
these high gains and align with utility bills, the
calibration process required tightening the infil-
tration rates (F = 0.30) and reducing U-values by
5% in V1.9 (Table 6).

When realistic, lower density occupancy data were incor-
porated in V2, the artificial surplus of internal heat was
eliminated. This revealed the underlying thermal beha-
vior: the building envelope was probably more perme-
able than the V1.9 calibration assumed. The further
integration of window operation behavior (V3.2C) acted
as a load multiplier, increasing ventilation heat losses and
raising the NMBE to 7.05% (Table 7). This demonstrates

: Highest unobscured
physical gap
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Figure 11. Deconstruction of compensating errors: the impact of behavior integration on heating consumption calibration.
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that the conventionally calibrated model masked the
building’s actual ventilation load behind unrealistic occu-
pant density.

The study also establishes a hierarchy of sensitivity for
educational buildings with central heating systems. The
variation in NMBE across the behavior-integrated models
(0.54% to 7.05%; Table 7, Figure 11) serves as a sensitivity
index:

¢ High Sensitivity: The interaction between reduced
internal gains and adaptive ventilation (ventila-
tion-occupancy interaction, V3.2C) caused the
most significant deviation (+5.66% in sensitivity
compared to V1.9). This highlights adaptive win-
dow operation as the primary stochastic variable
influencing heating consumption in older, natu-
rally ventilated buildings.

® Moderate Sensitivity: Non-adaptive occupant pre-
sence alone contributed a sensitivity of +2.57% to
+2.80%. Therefore, accurate occupancy modeling
is essential to determine the actual thermal beha-
vior baseline of the simulated building.

e Corrective Sensitivity: Adaptive lighting use beha-
vior showed a negative sensitivity (approximately
—0.65% to —0.85%), acting as a distributed inter-
nal gains source that partially offset the increased
ventilation loads (Table 7, Figure 11).

The difference between the conventionally calibrated
model (V1.9) and the behavior-integrated model (V4.2C)
indicates a need to improve conventional calibration
procedures. A model that incorporates measured beha-
vior (V4.2C) offers a more physically consistent founda-
tion for retrofitting, even though its initial error metrics
are higher (NMBE =3.72%) than those of the conven-
tional model. For accurate retrofitting evaluations, the
calibration process must focus on behavior-based para-
meter adjustments. The results suggest that a final tuning
of physical parameters, particularly for the infiltration
coefficients and the original measured U-values, would
be required after V4.2C to balance the energy equation
without relying on compensating errors.

5. Conclusion

This study presented a systematic, evidence-based
manual calibration framework applied to the M1
Building at the Architecture Department of Eskisehir
Osmangazi University, Turkey. By shifting from a
deterministic baseline to a behavior-integrated simu-
lation, the research quantified the separate effects of
adaptive and non-adaptive occupant behaviors on
the model’s sensitivity.

The uncalibrated baseline significantly underesti-
mated the building’s heating consumption (NMBE =
—15.16%), confirming that relying only on design-stage
assumptions and standard operating schedules is

inadequate for evaluating operational performance.
Although traditional calibration with infiltration and
U-value adjustments achieved high statistical accuracy
(NMBE =1.39%), incorporating monitored data
showed that the accuracy was partly due to inflated
occupancy gains to compensate for envelope heat
losses.

The stepwise integration of behavioral datasets
revealed the following key insights:

(1) Occupancy as a Compensating Factor: Using
measured data instead of standard ASHRAE pre-
sence profiles increased the predicted heating
consumption by about 2.80%. This shows that
standard schedules often overestimate internal
gains, hiding the real insulation and airtightness
issues in existing buildings.

(2) Adaptive Ventilation as a Load Multiplier:
Window operation behavior, when applied to
the entire building, acted as a significant load
multiplier, raising energy use by over 2.8% com-
pared to the occupancy-calibrated model.
Ignoring this adaptive behavior leads to a sys-
tematic underestimation of the heating required
to condition outdoor air entering the building.

(3) Lighting use as a Corrective Gain: Conversely, mea-
sured lighting use was higher than assumed, pro-
viding additional heat that reduced the heating
load error by 0.83% in the fully integrated model.

The present study concludes that meeting statistical
benchmarks (ASHRAE Guideline 14 or IPMVP) is a neces-
sary but not sufficient condition for model validity. A
model that complies statistically can still be physically
inconsistent if behavioral inputs are standardized rather
than directly measured. To ensure simulation models
serve as a reliable baseline for energy conservation mea-
sures (ECMs), calibration must explicitly incorporate mon-
itored behavioral data to prevent compensating errors. A
limitation of this study was its reliance on calculated
infiltration rates (ATTMA standards) instead of physical
blower-door testing, which was not feasible due to the
building’s educational use. Future research should verify
these calculated air exchange rates through empirical
methods such as tracer gas or pressurization tests.
Additionally, this framework can be expanded by inte-
grating agent-based modeling to dynamically simulate
stochastic occupant interactions, reducing dependence
on deterministic schedules.
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