https://doi.org/10.3311/PPci.45705 | 997
Creative Commons Attribution ®

Periodica Polytechnica Civil Engineering, 70(3), pp. 991-1002, 2026

From Sensor Time Series to Building Performance Indicators:
A BIM-Informed Framework for Contextual Data Integration

Nikol Krausz', Arpad Barsi’

' Department of Photogrammetry and Geoinformatics, Faculty of Civil Engineering, Budapest University of Technology and
Economics, H-1111 Budapest, Miegyetem rkp. 3, Hungary
* Corresponding author, e-mail: krausz.nikol@emk.bme.hu

Received: 26 July 2026, Accepted: 21 September 2026, Published online: 27 September 2026

Abstract

The integration of Building Information Modeling (BIM), sensor data, and data-driven analysis can support a more contextual
interpretation of building performance in existing buildings. This paper presents a pilot study on sensor-driven, BIM-informed building
performance analysis, using the sensor network installed in the "F" building of the Budapest University of Technology and Economics
as a case study. The aim is not to develop a complete digital twin platform, but to demonstrate how indoor environmental sensor
measurements can be transformed from isolated time series into contextualized building performance information. The proposed
approach combines sensor data preparation, quality assessment, sensor-to-BIM mapping, and exploratory analysis of indoor
environmental patterns. Temperature and relative humidity measurements were processed to identify data quality issues, invalid
measurements, outliers, temporal patterns, correlations, and clustering-based response groups. The sensor-to-BIM mapping linked
measurement points to rooms, floors, functions, zones, spatial contexts, and BIM identifiers, enabling interpretation within spatial and
semantic building context. The pilot results show that data quality has a direct influence on analytical outcomes, including clustering
results. Contextualized sensor analysis supported the identification of stable rooms, strongly fluctuating spaces, and rooms with unusual
environmental responses. A preliminary temperature prediction using a Long Short-Term Memory neural network for the F29 lecture

hall also demonstrated the potential of short-term forecasting as a future extension. The study highlights that sensor-informed BIM can

provide an intermediate layer between raw monitoring data and future digital twin-based operation.
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1 Introduction

The digital transformation of the built environment has
changed the role of building documentation and moni-
toring systems. Buildings are no longer considered only
static physical assets but increasingly dynamic informa-
tion systems whose operational state can be observed,
analyzed, and used for decision-making. This shift is par-
ticularly important in the operation of existing buildings,
where energy performance, comfort conditions, mainte-
nance needs, and technical limitations must be assessed
under real operating conditions.

Building Information Modeling (BIM) has become a
central method for representing the geometric, semantic,
and functional information of buildings throughout their
life cycle. In new construction projects, BIM is commonly
used for design coordination, quantity take-off, schedul-
ing, and documentation. In existing buildings, however,

BIM also has significant potential as an information man-
agement platform for facility management and building
operation. Volk et al. [1] emphasize that BIM for exist-
ing buildings remains a challenging field due to incom-
plete documentation, changing building conditions, and
the need to integrate heterogeneous information sources.
In parallel, Internet of Things (IoT) sensor networks
provide continuous information about the actual state of
buildings. Indoor environmental measurements, such as
temperature, relative humidity, air pressure, CO, concen-
tration, or occupancy-related indicators, can support com-
fort assessment, fault detection, and maintenance plan-
ning. However, sensor data are often handled as isolated
time series. Without spatial and semantic context, their
interpretation remains limited. For example, similar tem-
perature patterns may have different operational meanings
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depending on whether they occur in an internal office, a
lecture room, a laboratory, or a facade-adjacent space.

The integration of BIM and IoT data is therefore a key
step toward sensor-informed digital twins. A digital twin
combines static building information with dynamic data
streams and supports monitoring, interpretation, pre-
diction, and decision-making. Recent studies have high-
lighted the role of BIM, IoT, and digital twin technologies
in improving construction and facility management pro-
cesses [2]. Despite the increasing attention given to BIM—
IoT integration and digital twins, practical methods are
still needed for linking indoor environmental sensor data
with spatial and semantic building context in a reproduc-
ible and interpretable way.

This paper presents a pilot study toward sensor-driven
BIM-informed building performance analysis. The aim is to
propose and demonstrate an initial workflow that combines
indoor environmental sensor data, BIM-informed contex-
tual information, and data-driven analysis. The workflow
includes sensor data preparation, sensor-to-BIM mapping,
and exploratory analysis of environmental response pat-
terns. Rather than developing a complete automated digital
twin platform, the proposed approach focuses on an inter-
mediate stage in which raw sensor time series are quali-
ty-checked, linked to building-related spatial and seman-
tic information, and prepared for subsequent analysis.
Compared with more comprehensive BIM—IoT and digital
twin solutions, the proposed workflow is a relatively sim-
ple and practical approach that can be applied in existing
buildings where documentation and monitoring systems
may be heterogeneous. Its main practical benefit is the
structured contextualization of sensor data without requir-
ing a fully integrated digital twin environment. A current
limitation is that sensor observations are associated with
building spaces at room level and are not yet fully auto-
mated or continuously synchronized with the BIM model.
The study contributes a reproducible workflow that com-
bines data quality assessment, BIM-informed contextual-
ization, and exploratory sensor analytics, thereby bridging
raw monitoring data and future digital twin applications.

2 Sensor-informed BIM for existing and heritage
buildings

Heritage Building Information Modeling (HBIM) is a spe-
cialized application of BIM that focuses on the documenta-
tion and management of historic buildings and cultural her-
itage assets. The objective of HBIM is to create a detailed
digital representation of historic and heritage buildings that

incorporates their structural, material, and historical char-
acteristics [3]. Modern three-dimensional data acquisition
technologies, such as laser scanning and photogrammetry,
play a key role in developing HBIM models by providing
highly accurate and realistic geometric information [4].
The key advantage of HBIM is that it serves not only as a
digital documentation tool but also as a management plat-
form supporting decision-making in heritage conservation,
restoration works, condition assessment, sustainable oper-
ation and maintenance, and risk management [5].

Act C of 2023 on Hungarian Architecture [6], which
integrates the former Act LXXVIII of 1997 on the
Formation and Protection of the Built Environment [7] and
substantial parts of Act LXIV of 2001 on the Protection of
Cultural Heritage [8], consolidates building and heritage
protection regulations within a unified legal framework.
It places particular emphasis on the primacy of preserv-
ing the built heritage. The legislation stipulates that con-
struction activities carried out within a protected historic
environment may be authorized only if they do not cause
irreversible damage. This requirement directly reinforces
the importance of HBIM-based documentation and deci-
sion-support processes.

The literature increasingly emphasizes the need for
dedicated heritage-specific standards for HBIM [1, 9, 10].
These standards should take into account:

* irregular geometries and historical layers;

» conservation ethics, including the principle of mini-

mum intervention;

» long-term monitoring and sustainability consider-

ations; and

 interoperability among the various disciplines
involved, including conservators-restorers, struc-
tural engineers, building services engineers, heritage
conservation specialists, and other professionals.

Recent heritage-oriented BIM studies further indicate
that HBIM frameworks are increasingly expected to sup-
port multi-scale analysis, data repositories, and the inte-
gration of sensor systems for monitoring and manage-
ment purposes [11].

While HBIM provides a structured representation of the
physical, historical, and semantic characteristics of heri-
tage assets, it is primarily based on static or periodically
updated information. In operational building management,
this information should be complemented by dynamic
data that describes the building's actual state. loT-based
sensor networks can provide such data by continuously



measuring indoor environmental conditions, including
temperature, relative humidity, air pressure, CO, concen-
tration, or occupancy-related indicators [2, 12, 13]. In cul-
tural heritage contexts, IoT- and digital twin-based mon-
itoring has also been discussed as a promising direction
for predictive maintenance and condition assessment [14].

Several studies demonstrate different approaches to
combining BIM with sensor data and operational infor-
mation. BIM—IoT integration has been investigated in rela-
tion to facility management and the renovation of existing
buildings [12]. A BIM- and loT-based monitoring system
has also been developed for thermal comfort monitoring
and automated alert generation [13]. An open-source IoT
architecture has been proposed to support building facility
maintenance [15], while a digital twin-enabled BIM—IoT
framework has been investigated for monitoring, predict-
ing, and optimizing indoor thermal comfort using machine
learning [16]. In heritage applications, an open HBIM—IoT
monitoring platform has been proposed for the manage-
ment of historical sites and museums [17]. Together, these
studies illustrate the potential of integrating building infor-
mation with continuously collected operational data for
monitoring, analysis, maintenance, and decision support.

The combination of BIM or HBIM with sensor data
can therefore support a more contextual interpretation
of building performance. By associating measurements
with rooms, floors, zones, functions, and other spatial or
semantic attributes, sensor time series can be interpreted
in relation to the building spaces in which the measure-
ments were collected. This is particularly relevant in
existing and heritage buildings, where documentation
may be fragmented, building functions may be heteroge-
neous, and operational interventions may be constrained
by architectural or heritage considerations. At the same
time, interoperability between BIM and facility manage-
ment systems remains a challenge because of fragmented
workflows, incompatible schemas, semantic inconsisten-
cies, and limited real-time data exchange [18].

In the studies considered here, the emphasis is gener-
ally placed on integrated monitoring architectures, appli-
cation-specific services, or higher-level operational deci-
sion support [12, 13, 15-17]. In comparison with these
application-oriented approaches, the intermediate pro-
cessing stage in which raw indoor environmental sensor
time series are systematically assessed for data quality,
preprocessed, and associated with BIM-derived spa-
tial and semantic information is less explicitly described
as a distinct and reproducible workflow. This stage is
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important because missing data, erroneous measure-
ments, inconsistent identifiers, and the absence of spatial
context can directly influence the reliability and inter-
pretability of subsequent analytical results.

The present study focuses specifically on this inter-
mediate processing stage. It combines time-series pre-
processing and data quality assessment with room-level
sensor-to-BIM mapping and exploratory analysis within a
reproducible workflow. Rather than implementing a fully
integrated BIM—IoT or digital twin platform, the approach
uses BIM-derived spatial and semantic information to
contextualize sensor measurements before higher-level
analysis is performed. In this way, the proposed work-
flow provides a practical intermediate layer between raw
indoor environmental monitoring data and more advanced
sensor-informed digital twin applications.

3 Case study: The BME "F" building and sensor
monitoring system

The case study is based on the sensor network installed in
the "F" building of the Budapest University of Technology
and Economics (BME), located on the Lagymanyos
Campus in Budapest, Hungary. The building is a his-
toric university building with long-standing educational,
research, and laboratory functions. Lecture rooms, offices,
laboratories, classrooms, and other academic spaces are
accommodated within the building, which makes it suit-
able for investigating indoor environmental conditions
under real operating conditions. From a facility man-
agement perspective, several challenges are associated
with the building. The available documentation may be
fragmented, the technical systems are partly aging, and
modernization options may be limited by architectural
and heritage-related constraints [19]. At the same time,
the building remains in active daily use; therefore, com-
fort conditions and operational performance need to be
assessed under real occupancy and usage conditions. These
characteristics make the building a suitable environment
for examining how indoor environmental sensor data can
support the interpretation of building performance.

A sensor monitoring system is being used to collect
indoor environmental data from selected rooms distrib-
uted across the building. The monitored spaces include
different room types, such as lecture rooms, offices, lab-
oratories, and classrooms. This spatial and functional
diversity enables environmental patterns to be compared
not only between individual rooms, but also between room
groups, zones, and functions.
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The monitoring system focuses primarily on indoor
environmental variables that are relevant to comfort assess-
ment and building operation. The main measured parame-
ters include temperature and relative humidity, while CO,
concentration was also available for selected measurement
points. The sensor network was designed with practical
operational constraints in mind. Since the monitored rooms
are frequently used, the system is required to operate with
low maintenance needs and without disturbing everyday
building use. For this reason, wireless communication and
battery-powered operation are important aspects of the
monitoring setup. In the monitoring concept, LoORaWAN
technology [20] was selected because it provides a suitable
balance between long-range communication, low power
consumption, and applicability in a dense built environ-
ment. The technical development and implementation of
the long-range wireless sensor network used in this case
study are described in detail by Szatmari et al. [21].

A BIM model of the building was previously devel-
oped. In the present pilot study, the BIM model itself
was not directly integrated into the analytical workflow.
Consequently, no BIM authoring platform or native BIM
model format was processed as part of the sensor-data
analysis. Instead, the relationship between the sensor
measurements and the building context was represented
through room-level identifiers used to associate each sen-
sor with its corresponding monitored space. These iden-
tifiers provide the connection between the sensor time
series and contextual attributes such as room designation,
floor level, function, zone, orientation, and spatial posi-
tion within the building. This simplified identifier-based
approach was intentionally selected for the pilot phase in
order to evaluate the usefulness of spatial and semantic
building context before implementing a more tightly inte-
grated BIM—sensor workflow. The current analysis, there-
fore, does not rely on direct BIM model queries, embed-
ded sensor objects, live synchronization, or automated
data exchange with a BIM environment.

4 Data preparation and quality assessment

The collected sensor measurements form timestamped time
series datasets. Each record is associated with a measure-
ment time, a sensor identifier, and one or more measured
indoor environmental variables, such as temperature and
relative humidity. Since the monitoring is being carried out
under real building operation conditions, the raw datasets
require systematic preprocessing before statistical analysis,
clustering, or predictive modeling can be performed.

The overall workflow of the proposed sensor-driven
BIM-informed analysis is shown in Fig. 1. The process
starts with raw indoor environmental sensor measure-
ments, followed by time-series preprocessing and data
quality assessment. The cleaned and checked measure-
ments are then linked to BIM-informed spatial and semantic
information through sensor-to-BIM mapping and contex-
tualization. Finally, analytics are applied to derive sen-
sor-based building performance indicators, including data
quality indicators, temporal response indicators, correla-
tion-based indicators, clustering-based response groups,

Sensor measurements

raw sensor data

v

Time-series preprocessing

cleaning and aligning data

v

Data quality assessment
checking reliability

v

Sensor-to-BIM mapping

linking sensors to model

v

Contextualization
adding building context

v

Analytics

deriving insights

v

Building performance indicators

final output metrics

Fig. 1 Workflow from raw sensor measurements to contextualized
building performance indicators



and preliminary prediction errors, which can support oper-
ational interpretation and further decision-making.

The first step of data preparation was the inspection and
standardization of the timestamp information. The mea-
surement time was converted into a consistent datetime
format, and the records were ordered chronologically.
This step was necessary to ensure that temporal patterns,
daily variations, and aggregated indicators could be inter-
preted correctly. Duplicate or inconsistent timestamps,
if present, were treated as data quality issues and checked
before further processing.

Missing values and communication gaps were also
examined. In wireless sensor networks, missing records
may occur due to temporary communication problems, bat-
tery-related issues, installation phases, or data transmission
interruptions. Therefore, the ratio of missing values was
considered an important quality indicator for each sensor.
Short gaps may have limited influence on aggregated indi-
cators, while longer gaps can reduce the reliability of room-
level or zone-level comparisons. For this reason, missing
data were not treated only as technical errors, but also as
information about the reliability of the monitoring process.

Invalid and physically unrealistic values were identi-
fied during the quality assessment. For indoor tempera-
ture monitoring, extreme values that cannot represent
realistic building conditions indicate sensor error, com-
munication error, or data logging problems. For exam-
ple, multiple values of —122 °C were classified as invalid
measurements. Instead of removing the affected records,
these values were replaced by the mean of the five pre-
ceding valid measurements in order to preserve tempo-
ral continuity. This step was necessary because such val-
ues can strongly distort descriptive statistics, correlation
analysis, and clustering results (Fig. 2).

Before cleaning
0.6 1 .
Invalid values: =122 °C
Optimal number of clusters: 3
0.5
g
2
@
§ 0.4 1
2
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0.3
0.2

2.5 5.0 7.5 10.0 12.5 15.0 17.5
Number of clusters (k)
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Clustering was used to examine whether sensors or
rooms with similar environmental behavior could be
grouped based on their temperature response. This was
not intended as an automatic classification of building per-
formance, but as an exploratory method to identify stable
groups, fluctuating spaces, and possible room-level devia-
tions. The silhouette score was used to evaluate the consis-
tency of the clustering results and to compare the effect of
data cleaning on the optimal number of clusters.

After timestamp handling and data cleaning, the mea-
surements were prepared for analysis through temporal
aggregation. Depending on the analysis objective, hourly
or daily aggregation can be used. Hourly aggregation is
suitable for identifying daily operational patterns and
short-term environmental response, while daily indicators
are more appropriate for longer-term comparison between
rooms, zones, or functions. In the present workflow, aggre-
gation was used to reduce measurement noise and to cre-
ate comparable indicators across sensors.

The data preparation process included the calculation of
basic quality and descriptive indicators. These included the
number of valid measurements, the ratio of missing data,
mean values, minimum and maximum values, standard
deviation, and temporal variation. These indicators provided
an initial overview of both sensor reliability and indoor
environmental behavior. They also supported the selection
of sensors and time periods suitable for further analysis.

Outlier detection was applied after temporal order-
ing and data quality assessment in order to identify
unusual values in the indoor environmental time series.
For time-dependent outlier detection, a rolling Z-score
was used, which compares each measurement with the
local mean and standard deviation calculated within a
moving time window, as given in Eq. (1):

After cleaning
0.6 .
6 Invalid values resolved
Optimal number of clusters: 2
0.5 1
=
£ 0.4
g
@
0.3
0.2

2.5 5.0 7.5 10.0 12.5 15.0 17.5
Number of clusters (k)

Fig. 2 Comparison of silhouette scores before and after data cleaning for temperature sensor clustering
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2=,/ (600) ;

where x; is the measured value at time step i, x4, ., and

w,i—1

o .. are the rolling mean and rolling standard deviation

w,i—1

calculated from the preceding moving window, and J*W,H
is the adjusted rolling standard deviation. To avoid unre-
alistically large Z-scores caused by very small local vari-
ance, the minimum value of J*W’H was set to 0.2. Values
with |Z| > 3 were classified as potential outliers.

As a more robust alternative, a median absolute devi-
ation (MAD)-based modified Z-score was also applied.

The modified Z-score was calculated according to Eq. (2):

M, =(0.6745(x, —median,,, ,))/(M4D, )., @

where median il is the rolling median and MADW’H is
the rolling median absolute deviation calculated from the
preceding moving window. Values with [M] > 3.5 were
classified as potential outliers. The resulting outlier detec-
tion for the F29 lecture hall is shown in Fig. 3.

Data cleaning was found to have a direct influence on
the subsequent analytical results. Outliers and invalid mea-
surements can create artificial differences between sensors
and may lead to misleading grouping or clustering out-
comes. Therefore, data preparation was considered not only
as a technical preprocessing step, but as an essential part of
sensor-informed building performance analysis. The reli-
ability of the final interpretation depends strongly on the
quality, consistency, and completeness of the input data.

5 Sensor-to-BIM mapping and contextualization
Following data preparation and quality assessment, the
sensor measurements were linked to spatial and seman-
tic building information to support their contextual inter-
pretation. The purpose of this step was to ensure that the
collected sensor data were not interpreted as isolated time
series, but as building-related information associated with
specific rooms, functions, zones, and spatial conditions.

The sensor-to-BIM mapping process was based on
a structured mapping table. Each sensor identifier was
assigned to a corresponding room and to the related BIM
space identifier (BIM_Space ID). In addition to the direct
spatial relationship, further contextual attributes were
included, such as floor level, room function, functional
zone, orientation, facade adjacency or internal location,
and the measured variables. These attributes enabled the
sensor measurements to be grouped and compared accord-
ing to building-related categories.

At the pilot stage, the mapping table was created and
checked manually. This approach was considered appro-
priate because the objective was not to develop a fully
automated BIM-IoT integration platform, but to establish
a reliable and reproducible contextualization workflow.
Manual mapping also enabled the identification and cor-
rection of inconsistencies in room and sensor naming, as
well as in documentation, during the preparation process.
The consistency of the mapping table is essential, since
incorrect sensor-room assignments may lead to a mislead-
ing interpretation of environmental patterns.
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Fig. 3 Outlier detection in indoor environmental sensor data for the F29 lecture hall: (a) Robust-MAD based outliers in humidity data for 'F29-
Lecture Hall'; (b) Rolling Z-score based outliers in CO, data for 'F29-Lecture Hall'



The main attributes used in the sensor-to-BIM map-
ping are summarized in Table 1. The table structure was
designed to remain simple enough for practical use, while
still containing the most important spatial and semantic
information required for analysis.

The contextualized dataset created through this map-
ping process supports several types of analysis. First,
measurements can be compared between rooms with sim-
ilar functions, such as lecture rooms or offices. Second,
rooms can be grouped according to floor level, zone, ori-
entation, or facade adjacency. Third, unusual environmen-
tal behavior can be interpreted in relation to the spatial and
functional characteristics of the room in which it occurs.
This contextualization is particularly important in exist-
ing and historical buildings, where measured environmen-
tal values may be influenced by several interacting factors,
including room use, heating system configuration, facade
exposure, ventilation conditions, and previous architec-
tural modifications. For example, a temperature fluctua-
tion in a lecture room may be related to occupancy and
scheduled use, while a similar fluctuation in an office or
laboratory may have a different operational interpretation.

The sensor-to-BIM mapping, therefore, acts as a bridge
between raw sensor measurements and building perfor-
mance interpretation. It does not replace a full digital twin
platform, but it provides a practical intermediate layer
that enables sensor data to be analyzed within its spatial
and semantic context. The resulting contextualized data-
set forms the basis for the data-driven analysis of indoor
environmental patterns.

The current room-level approach does not represent the
exact three-dimensional position of individual sensors. This
is a limitation because proximity to windows, doors, heat-
ing elements, or other building components may influence
the measured conditions. Explicit 3D sensor positioning can
therefore be considered in future extensions of the workflow.

6 Data-driven analysis of indoor environmental
patterns

After data preparation and sensor-to-BIM contextualiza-
tion, the cleaned sensor measurements were analyzed in
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order to identify characteristic indoor environmental pat-
terns. The objective of the analysis was to describe the
behavior of monitored spaces, compare rooms and room
groups, and identify locations with unusual environmen-
tal responses. The analysis was exploratory in nature
and was intended to provide interpretable indicators for
building performance assessment rather than automated
decision-making.

Basic descriptive indicators and group-based compari-
sons were used to provide an initial overview of the moni-
tored spaces. These indicators supported the interpretation
of general indoor environmental conditions and enabled
rooms to be compared according to function, zone, floor
level, or spatial position.

Time series analysis was used to examine temporal
changes in indoor environmental variables. Temperature
and relative humidity measurements were analyzed to
identify daily and longer-term patterns, sudden changes,
delayed responses, and periods of increased variation.
Such temporal patterns can reflect different operational
effects, including room use, heating system behavior, ven-
tilation conditions, or external environmental influence.
Since the measurements were linked to room function
and spatial context, the observed temporal behavior could
be interpreted not only as a sensor signal, but also as a
room-level environmental response.

Correlation analysis was applied to examine relation-
ships between monitored spaces and measured variables.
Correlations between sensors can indicate common build-
ing-level effects, such as heating operation or weather-re-
lated trends, while weaker or inconsistent relationships may
suggest local room-specific behavior. Correlation analysis
between temperature and relative humidity can also sup-
port the interpretation of indoor environmental dynamics.
The contextual information provided by the sensor-to-BIM
mapping enables these relationships to be examined accord-
ing to room function, floor level, zone, or spatial position.

Clustering was used as an exploratory method to iden-
tify groups of sensors or rooms with similar environmen-
tal response patterns. Depending on the selected input
variables, clustering can support the recognition of stable

Table 1 Example structure of the sensor-to-BIM mapping table

Sensor ID Room Floor Function Zone Orientation/position BIM_Space ID Variables
S-012 F-29 2F lecture hall south wing south-facing/facade-adjacent ifcSpace 29 T/RH/ CO,
S-018 1-A-08 GF laboratory internal internal ifcSpace_A08 T/RH
S-027 C-14 IF office north wing north-facing/window-adjacent ifcSpace 14 T/RH
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rooms, strongly fluctuating spaces, or rooms with unusual
behavior compared with similar spaces. Since clustering
is sensitive to data quality, the cleaned dataset and qual-
ity indicators were used to reduce the influence of invalid
measurements and outliers.

Preliminary predictive modeling can be considered in
later stages of the workflow. Time series prediction meth-
ods, such as Long Short-Term Memory (LSTM) neural net-
works, can be used to estimate short-term indoor tempera-
ture values based on previous measurements. However, in
the present study, predictive modeling is treated as a pos-
sible extension rather than the main analytical objective.
Longer monitoring periods, seasonal coverage, and care-
ful validation are required before prediction-based results
can be used reliably for operational decision support.

The combined use of descriptive statistics, time series
analysis, correlation analysis, group comparison, and
clustering provides a structured basis for interpreting
indoor environmental behavior. The goal is to identify
stable rooms, strongly fluctuating spaces, and rooms with
unusual environmental responses. In this way, the com-
bined analysis can support the early recognition of opera-
tional issues that may not be obvious from individual mea-
surements alone.

7 Pilot results

The monitoring system was installed in several stages.
Initially, the first instruments were placed in three lab-
oratories and three office rooms. By 20 September 2025,
all sensors had been installed in their final positions.
Consequently, the temporal differences in sensor installa-
tion had to be considered during data interpretation, since
the sensors did not provide measurements from the same
starting time in all cases. The available dataset contained
more than 5000 records for temperature and relative humid-
ity measurements and more than 3000 records from the CO,
sensors. For each sensor, 24 measurements per day were
provided at hourly resolution. The entire sensor network
covers more than 40 rooms, supplemented by 1 outdoor and
2 attic measurement points. During data processing, the
time of the first valid measurement value was determined
for each sensor using Python, and the ratio of missing data
was determined starting from that time (see Table 2).

The pilot analysis provided initial evidence that indoor
environmental sensor data can support the interpreta-
tion of building performance when data quality and spa-
tial context are considered together. Since the monitoring
campaign is still ongoing, the results presented in this sec-
tion are interpreted as preliminary indicators rather than

Table 2 Excerpt of missing-value ratios calculated from the first valid

measurement of each sensor

Sensor Room Variables  Unit  Missing data ratio
S-012 F29 T °C 22.09%

RH % 22.08%

Co, ppm 20.79%
S-029 1-1-04-Oktatoi T °C 0.05%

RH % 0.055%
S-018 I-A-08-Labor T °C 0.036%

RH % 0.018%

final operational diagnoses. The aim is to demonstrate the
analytical potential of the sensor-informed approach and
to identify patterns that may justify further investigation.

7.1 Data quality and preprocessing effects

The quality assessment confirmed that preprocessing has
a direct influence on the reliability of subsequent analy-
sis. Missing values, communication gaps, and occasional
invalid measurements were identified in the raw datasets.
These issues are typical in real building monitoring sys-
tems and can affect statistical indicators, correlations, and
clustering results if they are not treated appropriately.

A clear example was observed in the temperature
dataset, where multiple invalid values of —122 °C were
detected. These values were classified as physically unre-
alistic for indoor building conditions. Instead of remov-
ing the affected records, the invalid values were replaced
by the mean of the five preceding valid measurements.
This correction was applied in order to preserve the tem-
poral continuity of the time series while reducing the dis-
torting effect of sensor or data logging errors.

The effect of this correction was also visible in the clus-
tering analysis. Before data cleaning, the optimal number of
clusters was three, while after replacing the invalid values,
the optimal number of clusters changed to two. This indi-
cates that sensor errors and extreme outliers can create arti-
ficial separation between data groups and may lead to mis-
leading interpretations if they are not treated appropriately.

Outlier detection was also applied to other indoor envi-
ronmental variables. In the relative humidity and CO:
time series, values classified as outliers indicated periods
of unusual sensor response or possible operational events.
These values were not interpreted automatically as faults.
Instead, they were treated as indicators requiring contex-
tual interpretation, since high variation may result from
room use, ventilation conditions, temporary occupancy
effects, or measurement uncertainty.



7.2 Indoor environmental response patterns

The cleaned time series data revealed differences in the
environmental response of monitored rooms. Some spaces
showed relatively stable indoor conditions, while others
exhibited stronger daily variation or more irregular tem-
poral behavior. These differences suggest that room-level
environmental patterns are influenced by several interact-
ing factors, including room function, occupancy, heating
system behavior, ventilation conditions, and spatial loca-
tion within the building.

The distinction between stable and fluctuating rooms is
relevant for building operation. Stable rooms may indicate
balanced thermal conditions or limited disturbance, while
strongly fluctuating spaces may require further investiga-
tion if the variation is not consistent with their expected
use (Fig. 4). However, the interpretation of these patterns
depends on building context. For example, higher daily
variation may be acceptable in lecture rooms with sched-
uled occupancy, while similar behavior in offices or labo-
ratories may require a different interpretation.

Correlation analysis supported the distinction between
shared building-level effects and local room-specific
behavior. Sensors with similar temporal trends may reflect
common operational influences, such as heating operation
or external weather-related effects. A representative exam-
ple is provided by the two attic-level measurement points.
The correlation between PADLAS-I and PADLAS-II was
very strong, with R = 0.971, indicating that the two attic
sensors followed highly similar environmental dynam-
ics. In addition, the difference between their correlation
profiles was small with respect to the other measurement
points. The largest absolute difference between the two
correlation profiles was 0.092 for I-159 136-Labor, while
the smallest was 0.003 for III-2-03-Muhely/Oktatoi. This
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suggests that the two attic sensors captured a consistent
semi-external environmental response. In contrast, weaker
or inconsistent relationships between comparable rooms
may indicate local influences, including room use, facade
exposure, ventilation differences, or sensor placement.

The sensor-to-BIM mapping made it possible to exam-
ine these relationships according to room function, floor
level, zone, and spatial position. This contextual grouping
helped avoid treating all sensor time series as equivalent
measurement points.

Clustering provided an exploratory way to group rooms
or sensors with similar environmental response patterns.
The results showed that clustering can help identify groups
of spaces with comparable indoor behavior, as well as
rooms that deviate from otherwise similar spaces. The anal-
ysis also confirmed that clustering outcomes are sensitive
to data quality, since invalid measurements and outliers can
strongly influence the apparent structure of the data.

7.3 LSTM-based temperature prediction for the F29
Lecture Hall

As a possible extension of the exploratory analysis, a
preliminary short-term temperature prediction was also
tested for the F29 lecture hall. An LSTM neural network
was applied to estimate indoor temperature values based
on previous measurements. The aim of this step was not
to develop a fully validated predictive model, but to exam-
ine whether the available sensor time series could support
short-term forecasting as a future component of a sen-
sor-informed digital twin workflow. Fig. 5 shows the mea-
sured and LSTM-predicted temperature time series for the
F29 lecture hall. The predicted values follow the general
trend of the measured indoor temperature, indicating that
the model was able to capture the main temporal pattern
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Fig. 4 Temperature instability analysis of the I-A-08 laboratory
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Fig. 5 Measured and LSTM-predicted temperature time series for the F29 lecture hall

of the selected period. However, rapid changes and short-
term peaks were reproduced with some smoothing, which
is a common limitation in short-term prediction based on
limited input information.

The preliminary result suggests that sensor-based tem-
perature prediction may be a promising extension of the
workflow. Longer monitoring periods, seasonal data cov-
erage, and additional explanatory variables, such as out-
door temperature, occupancy-related indicators, or HVAC
operation data, would be required for more robust valida-
tion. Therefore, predictive modeling is considered here as
an initial demonstration and a future research direction.

7.4 Sensor-informed operational interpretation

The results indicate that indoor environmental sensor data
can provide useful information for building operation
when they are interpreted together with spatial and seman-
tic building context. By linking measurements to BIM-
informed context, similar sensor values can be interpreted
differently depending on the room type and location. This
is particularly important in existing buildings, where build-
ing use, technical systems, and previous modifications may
create heterogeneous indoor environmental behavior.

The main operational relevance of the proposed
approach is that it supports the identification of room-level
environmental patterns that may otherwise remain hid-
den in isolated sensor time series. Stable rooms, strongly
fluctuating spaces, and rooms with unusual environmental
responses can be identified as operational indicators and
used to prioritize further inspection.

From a facility management perspective, the approach
can support comfort-oriented operation and preliminary

fault screening. Rooms with unusually high variation,
delayed thermal response, inconsistent behavior compared
with similar spaces, or deviations from predicted tempera-
ture trends can be selected for further investigation.

However, the results should be interpreted as indica-
tors rather than direct diagnoses. A detected anomaly or
deviation does not automatically identify the cause of
the problem. It may result from occupancy, ventilation,
facade exposure, heating system behavior, sensor place-
ment, or data quality issues. Therefore, sensor-informed
analysis should be combined with expert evaluation and,
where necessary, physical inspection or simulation-based
assessment.

8 Operational relevance, limitations

From an operational perspective, the main value of the
proposed approach lies in its ability to transform monitor-
ing data into interpretable building-related indicators. In
conventional sensor-only monitoring, measurements may
reveal temporal changes, correlations, outliers, or pre-
dicted trends, but their operational meaning often remains
uncertain. By combining sensor data with BIM-informed
spatial and semantic context, the proposed approach sup-
ports a more structured interpretation of indoor environ-
mental behavior. This can help facility managers identify
spaces that require further attention, compare rooms with
similar functions, and distinguish general building-level
effects from local deviations. The approach is particu-
larly relevant for existing and historical buildings, where
operational decisions are often constrained by fragmented
documentation, aging technical systems, heterogeneous
room functions, and limited modernization possibilities.



Sensor-to-BIM contextualization can therefore support a
more meaningful interpretation than sensor-only analysis,
because measurements are evaluated together with room-
level and zone-level building information.

Several limitations must be considered. First, the mon-
itoring campaign is still ongoing, and the available data-
set may not yet cover all seasonal conditions. As a result,
the current findings may reflect only part of the building’s
annual environmental behavior. Second, sensor placement
strongly influences interpretation. Measurements taken
near windows, heating elements, doors, or occupied areas
may represent local conditions rather than the general
state of the room. Third, data quality issues such as miss-
ing values, communication gaps, invalid measurements,
and outliers can affect statistical indicators, correlation
analysis, clustering, and predictive modeling.

Applying the approach to another building would be an
important next step for validation. Such a comparison would
make it possible to distinguish between patterns that are
specific to the BME "F" building and patterns that may be
more generally applicable to existing university or heritage
buildings. It would also help evaluate whether the proposed
mapping attributes and analysis indicators are sufficient or
whether additional contextual variables are required.

Overall, the pilot results indicate that sensor-in-
formed analysis can provide a useful intermediate layer
between raw monitoring data and facility management
decision-making. The approach does not replace detailed
building diagnostics, but it can help identify where to
focus such diagnostics.

9 Conclusions

This paper presented a pilot study toward sensor-driven
BIM-informed building performance analysis in an exist-
ing historical university building. The study was based
on the sensor network installed in the BME "F" building
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