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ABSTRACT
This paper addresses three indoor air quality (IAQ) challenges in large-scale infrastructures under real operational conditions. 
First, methodological procedures for CO2 monitors: selection according to their key features, strategic placement to guarantee 
data quality, and calibration to ensure long-term consistency and second, real-time monitoring through a campus-scale Internet 
of Things (IoT) ecosystem, yielding the following contributions. A monitoring map is used to comprehensively classify spaces by 
fulfilling international recommendations. An IAQ study highlights the combined influence of occupancy, size, and contextual 
factors. And an analysis of CO2 performance understands interactions between building operation and human behavior. Finally, 
for each contribution this paper proposes extrapolatable and replicable strategies to move toward data-driven decisions for effi-
cient IAQ management in tertiary buildings.

Highlights

-	 Internet of Things (IoT)–driven strategies to understand 
carbon dioxide (CO2) performance and enhance data-driven 
decisions.

-	 Methodological framework with reproducible procedures 
for selection, placement and calibration of CO₂ monitors.

-	 Monitoring map to identify critical situations, quantify IAQ 
variability, and select a representative set of study.

-	 IAQ study to highlight the combined influence of occu-
pancy patterns, space size, and contextual factors.

-	 Analysis of CO₂ evolution by understanding interactions 
among building operation and human behavior.

-	 Contributions to IAQ complexity moving toward efficient 
IAQ management and planning in tertiary buildings.

1 | Introduction

Indoor air quality (IAQ) has become a central concern in 
building science, particularly since the COVID-19 pandemic 
[1], underscoring the relevance of enclosed spaces in airborne 
transmission. International agendas and regulatory frameworks 
converge on a common diagnosis: People spend 80%–90% of 
their time indoors, where pollutant concentrations and ventila-
tion deficits frequently exceed recommended thresholds [2, 3]. 
Indoor environments accumulate pollutants of physical, chem-
ical, and biological origin, generated by materials, equipment, 
infiltration, and human activity [4]. Among these pollutants, 
CO2 occupies a specific diagnostic role; although not harmful at 
typical indoor levels, it is closely associated with occupancy and 
ventilation effectiveness and is widely used as an operational 
proxy for IAQ and for estimating the fraction of rebreathed air 
[5]. Thus, international standards [6–9] incorporate CO2 as an 
indicator of the outdoor air supply relative to occupancy. Recent 
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global frameworks, including the United Nations Sustainable 
Development Goals (SDG) [10], have increasingly emphasized 
the role of healthy indoor environments in well-being and pro-
ductivity. International reports [11–13] show that inadequate 
IAQ contributes to cognitive impairments, absenteeism, and 
increased risk of airborne transmission. Furthermore, postpan-
demic work [14] highlights the need for monitoring CO2 levels, 
as a measurement of rebreathed air and a key indicator of the 
exposure risk in crowded indoor environments.

Educational buildings are particularly affected by these IAQ 
issues. A comprehensive literature review [15] underscores 
the importance of robust IAQ assessment strategies in tertiary 
buildings, particularly educational ones. CO2 concentrations 
frequently exceed 1000–1500 ppm during teaching hours, espe-
cially under natural or mixed ventilation [16], but these educa-
tional environments are heterogeneous. Studies with multiroom 
monitoring in universities [17] reveal substantial heterogeneity 
between rooms of similar size and use, arising from differences 
in orientation, volume, performance, ventilation schedules, and 
user behavior. These findings show that IAQ performance var-
ies significantly within the same building and often diverges 
from design expectations.

Beyond characterizing IAQ variability, the heterogeneity and 
complexity across buildings highlight a crucial point: The per-
formance of tertiary buildings is intrinsically tied to their op-
erating conditions. Franco et al. [18], through experimental 
analysis in a university campus under real operating conditions, 
characterize how similar spaces can show different CO2 evolu-
tion patterns due to orientation, ventilation, and thermal inertia. 
By quantitatively analyzing an infection risk model applied to 
real classroom scenarios, Zivelonghi and Kumar [19] show how 
CO2 behaviors vary across usage patterns (degrees, semesters, 
and exam periods), ventilation strategies (natural, mechanical, 
and mixed-mode systems), and architectural diversity (from 
compact north-facing classrooms to large- and high-inertia lec-
ture theaters). These variations are difficult to anticipate during 
design and even harder to regulate through fixed ventilation 
rules, reinforcing the importance of empirical, long-term IAQ 
monitoring. Using a numerical simulation method to model CO2 
performance, Ren et al. [20] prove that the interaction between 
building typology, occupancy dynamics, and ventilation strat-
egies produces high CO2 variability. Spaces with similar lay-
outs behave differently depending on their proximity to stairs 
or external façades, and organizational factors, such as time-
tabling practices and informal space use, further complicate 
predictions. This reinforces the need for methodologies capa-
ble of spatially and temporally capturing fine-scale variability. 
Notably, recent works [21] consider IAQ from a context-aware 
perspective and examine the interrelations among the built en-
vironment and its users while applying a smart approach. This 
Smart Built Environment (SBE) approach defines buildings as 
complex systems operating across seven interrelated fields: built 
environments, sensorized ecosystems, digital infrastructure, 
control and regulation systems, occupant behaviors, economic 
performance, and climate conditions.

In this context of heterogeneity and complexity, important 
methodological gaps remain. The literature seldom discusses 
explicit procedures for selecting monitors, evaluating detector 

technology, calibrating devices, and defining placement criteria 
[22]. Meanwhile, many works focus on IAQ monitoring under 
controlled or semicontrolled conditions [23]. These studies link 
CO2 concentration with occupancy and ventilation rates, but 
are limited in scalability: Their gap with the real built environ-
ment does not specify how to deploy infrastructure containing 
a large number of spaces potentially to monitor (N) using a lim-
ited number of deployable sensors (n ≪ N). Moreover, few works 
[24] evaluate the empirical heterogeneity of IAQ indicators and 
their interrelationships with contextual factors, such as orienta-
tion, location, size, occupancy, and window-opening patterns. 
This paper contributes to fill these knowledge gaps by address-
ing these three challenges: a lack of standardized procedures, a 
disparity between controlled experiments and real-world condi-
tions, and insufficient correlation between IAQ indicators and 
multiple contextual factors.

Regarding the first challenge, few works deeply consider the 
methodological procedures used for selecting, placing, and cal-
ibrating CO2 monitors, which represent a key preliminary step 
in building a verifiable dataset. Avila et al. [25] experimentally 
evaluate various natural ventilation strategies, finding that 
low-cost sensors, when correctly calibrated, provide reliable 
long-term IAQ assessment. Under real operating conditions in 
schools and universities, the COVID-19 pandemic revealed the 
prevalence of ventilation deficiencies during teaching hours. 
As Huang et al. [26] pose, site-specific monitoring systems are 
key to effectively assessing CO2 behavior. A comprehensive lit-
erature review, as Marfo et al. [27] address, analyze 33 studies 
(from 432 full-text assessed articles), showing that guarantee-
ing data quality and validating CO2 monitors are key challenges 
in deploying CO2 monitoring ecosystems. At the same time, 
researchers are increasingly exploring data-driven predictive 
approaches for machine learning–based ventilation strategies, 
as Mousavi et al. [28] review, considering 451 recent research 
articles and 53 technical documents from American Society 
of Heating, Refrigerating and Air-Conditioning Enterprises 
(ASHRAE) handbooks. Notably, although these data-driven 
approaches show promising results, they typically assume that 
a monitored system is well characterized with well-placed sen-
sors. In practice, this is a prior methodological step that is often 
insufficiently addressed: how many sensors to deploy, where to 
place them, and how to calibrate them systematically.

Regarding the second challenge, existing IAQ research largely 
relies on controlled or quasicontrolled conditions. Through 
laboratory experiments, tracer–gas studies, and simplified test 
rooms, Wei et al. [29] clarify fundamental relationships among 
occupancy, metabolic CO2 generation, and ventilation under 
well-mixed conditions. By studying mechanical ventilation in 1 
lecture theater, 2 open plan offices, 8 classrooms, and 14 meet-
ing rooms, Oswin et al. [30] show that CO2 levels reflect tran-
sient, spatially heterogeneous, and behavior-driven patterns. 
This contrast reflects the well-known building performance 
gap (BPG): predicted performance based on idealized assump-
tions rarely matches the complexities of real operation. Chenari 
et al. [31] investigate this gap with experimental research using 
a smart window equipped with mechanical ventilation boxes, 
occupancy sensors, and a real-time CO2 monitoring system. Lu 
et al. [32] emphasize this gap by reviewing advances in the re-
cent two decades in CO2-based demand-controlled ventilation 
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in commercial buildings. However, these works often focus on a 
limited set of spaces, where the number of rooms to potentially 
monitor far exceeds the number of deployable sensors. Gao et al. 
[33], through a numerical study with computational fluid dy-
namics, highlight the need for continuous, in situ monitoring 
to understand how ventilation systems, architectural configu-
rations, and occupant behavior interact under real conditions. 
Thus, to manage IAQ on a large-scale under real conditions, the 
rapid development of IoT and low-power wireless area network 
(LP-WAN) technologies become more urgent, expanding the 
possibilities for real-time monitoring. A systematic literature 
review, as Cimbru et al. [34] address by analyzing 56 academic 
and 18 practitioner studies, evidences that IoT-based systems 
enable continuous monitoring of CO2 behavior to enhance risk 
prevention, real-time management, costs reduction, and energy 
efficiency. In educational buildings, digital approaches of IoT 
deployments, as Gasbarri et al. [35] propose and evaluate indoor 
environmental quality (IEQ) and user well-being in university 
buildings, providing support for decision-making in academic 
settings. Nevertheless, real-world implementations still face 
challenges, including interoperability issues, calibration drift, 
accurate representation, nonideal placement in complex geom-
etries, and integration with building systems [36]. Building on 
these observations, recent studies [37, 38] emphasize how IoT in-
frastructures can support scalable and multibuilding sensing de-
ployments. These works also show that LP-WAN technologies, 
such as low-range wireless area network (LoRaWAN), work 
well in educational campuses, where wireless fidelity (WiFi) 
technologies may be inconsistent or overloaded. The integration 
of real-time dashboards with cloud-based storage further sup-
ports not only real-time monitoring but also data-driven deci-
sions-making and predictive modeling.

Regarding the third challenge, IAQ must be understood within 
the broader context of IEQ, necessitating a paradigm shift [39]. 

Although CO2 alone cannot fully capture the concept of IEQ, 
it remains the most practical large-scale indicator for assessing 
ventilation. Its interpretability, cost-efficiency, and compatibil-
ity with context-aware IoT solutions make it suitable for multi-
building studies [40]. In this context, digital-twin technologies 
are increasingly adopted among smart-campus initiatives, en-
abling cross-layer data integration and coordinating responses 
to IAQ issues across departments. This digital integration cre-
ates new opportunities for occupancy analytics, energy manage-
ment, data-driven maintenance, adaptive control, and long-term 
optimization [41]. Many postpandemic works analyze IEQ in 
real educational buildings, but provide aggregated indicators. 
Franco et al. [42] employ different occupancy models in pub-
lic buildings and shows that CO2 monitoring strengthens IAQ 
management by guiding the heating, ventilation, and air con-
ditioning (HVAC) operations based on occupancy and environ-
mental conditions. However, university campuses are large and 
heterogeneous. Although their CO2 dynamics depend on occu-
pancy rhythms, architectural configurations, ventilation strate-
gies, user behaviors, and multiple contextual factors, few works 
discuss the cross-correlation dependences following a system-
atic methodology [43]. This reinforces the need for a method-
ological framework capable of handling contextual variability 
and real-world complexity.

Within this broader context, this paper addresses these chal-
lenges following the research framework illustrated in Figure 1, 
deployed on the University of Zaragoza smart campus [44]. The 
three major contributions of this work are outlined as follows:

•	 Methodological procedures, detailed in Section 2, for (2.1) 
selecting CO2 monitors according to their key features; 
(2.2) determining placement strategies across representa-
tive classroom types; and (2.3) calibrating devices to ensure 
long-term consistency and comparability. As a result, this 

ContributionsResultsMaterials & Methods

2.1 Selection 

METHODOLOGICAL

PROCEDURES

LARGE-SCALE

INFRASTRUCTURES

2.2 Placement 

2.3 Calibration 

IoT ecosystem 3.1 Monitoring map 

3.2 IAQ study

3.3 CO2 evolution 
CO2

DATA-DRIVEN 

DECISIONS

(i) Comparison of fuctionalcriteria
(ii) Guide for technical speci�cations

In this paper … In new deployments …

Criteria of LoRaWAN, autonomy and portability
Select Milesight AM307 and Aranet4Pro

Criterion of highest CO2 concentration
Place near the teaching area (P1 or P2)

Criterion of 90% compliance (64 of 71)
Set thresholds between +65ppm and -55 ppm

(i) Extrapolation to new space types
(ii) Guide for select new placements

(i) Application to maintenance
(ii) Guide for seasonal management

(i) Strategy n << N (71 spaces 3 buildings)
(ii) Extrapolation to tertiary buildings

(i) Context-aware cross-interrelations
(ii) Evidence-based decision-making

(i) Understanding of dynamic complexity
(ii) Preliminary predictive modelling

FIGURE 1   |   Research framework.
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paper shows the criteria followed to fulfill the international 
recommendations. And, for new deployments, we propose 
several guides (as a practical and replicable strategy) to 
extrapolate these results to heterogeneous educational en-
vironments with other types of spaces, new placements, 
seasonal maintenance, etc.

•	 Large-scale infrastructure, detailed in Section 3, with 
three types of approaches: (3.1) a campus-wide mon-
itoring map to identify critical situations (CO2 above 
1500 ppm), quantify IAQ variability, and select a repre-
sentative subset of n spaces from the total N  locations (to 
allow relocating sensors according to a n ≪ N  strategy); 
(3.2) an IAQ study that includes an evaluation of the air 
pollutants and a CO2 cross-analysis by highlighting the 
combined influence of occupancy patterns, space size and 
contextual factors; and (3.3) an analysis of CO2 evolution 
by understanding interactions among building operation 
and human behavior.

•	 Data-driven decisions, as actionable strategies proposed 
as contributions, for each type of approach: classification 
of representative spaces under real conditions to extrapo-
late to tertiary buildings; evidence-based decision-making 
through context-aware interrelations; and preliminary 
predictive modeling to understand the complexity of CO2 
behavior considering multiple factors: orientation, location, 
size, occupancy, user behavior, seasonal variations, types of 
days, and ventilation strategies.

These contributions align with this Special Issue by demonstrat-
ing how IoT-driven initiatives within context-aware analyses 
enable more informed and efficient IAQ decisions in complex 
educational environments.

2 | Materials and Methods

As outlined in the Introduction, this paper addresses the chal-
lenge to develop an IoT real-time monitoring ecosystem in a 
heterogeneous smart campus environment. Buildings differ 
in orientation, occupancy patterns, ventilation behavior, and 
HVAC operation, among other factors. Thus, IoT deployment 
requires a methodological framework. Furthermore, the mon-
itoring strategy must be efficient, relocatable, scalable, and 
reproducible: The smart campus must monitor N spaces but 

costs, investments and logistics recommend deploying only n 
(n ≪ N) sensors. For these reasons, this paper proposes a three-
stage methodology for CO2 monitor deployment: (a) selection 
according to their key features (detector technology, calibration, 
connectivity, screen, autonomy, and price), (b) placement based 
on the spatial configuration and use of each space type, and (c) 
calibration using a sequenced and reproducible procedure. The 
following subsections describe these stages and the specific 
challenges addressed in each of them.

2.1 | Selection of CO2 Monitors

Indoor CO2 can be measured using different sensing princi-
ples [45], but nondispersive infrared (NDIR) detectors remain 
the most reliable option for long-term IAQ assessment in real 
buildings [46]. NDIR sensors quantify CO2 concentration by 
measuring infrared absorption within a sealed gas chamber (see 
an operating diagram in Figure 2), a technique with well-doc-
umented stability and robustness for continuous monitoring. 
Commercial detectors [47] vary in measurement range, uncer-
tainty, response time, and expected lifetime (see Table 1). These 
specifications, along with calibration behavior and connectivity 
requirements, directly influence the validity of the dataset in 
campus-scale deployments.

In heterogeneous tertiary buildings, such as the smart campus 
considered in this study, the monitoring infrastructure must 
satisfy several constraints. The number of spaces to potentially 
monitor is large (in this study, N = 71  across 3 buildings). The 
number of deployable sensors must remain limited (n ≪ N , in 
this study n = 15) owing to financial and logistical factors. CO2 
monitors must operate continuously and comparably across 
buildings with different orientations, uses, and HVAC configu-
rations. Measurements must remain stable over months despite 
calibration drift, variable environmental conditions, and differ-
ences in local airflow patterns. For these reasons, the selection 
process must prioritize functional and methodological criteria 
rather than device-specific characteristics. With these premises, 
this paper considers the following key criteria, highlighting the 
CO2 monitors that best fit each criterion in Table 2.

The initial criterion is detector technology and calibration. NDIR 
detectors differ substantially in how they maintain their refer-
ence baseline: Some offer daily automatic baseline correction 

NDIR sensor

InfraredInfrar

CO2

CO2

CO2

CO2

CO2

CO2

Gas cell

Gas intake

Gas exhaust
Optical �lter

Infrared sensor

FIGURE 2   |   NDIR sensor: operating diagram.
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(e.g., MH-Z19B), whereas others guarantee monthly drift below 
10% (e.g., SenseAir S8), and more advanced detectors implement 
weekly auto-calibration combined with the option for manual 
reference adjustment (e.g., SenseAir Sunrise and CozIR-LP). As 
the subsequent IAQ analysis depends on comparing measure-
ments across multiple spaces and buildings, long-term calibra-
tion stability became essential.

The next key criterion is connectivity, considering that a main 
objective is to collect real-time data continuously without man-
ual data retrieval. Thus, this criterion excludes CO2 monitors 
without remote communication or requiring periodic down-
loads. Since the smart campus IoT ecosystem already incorpo-
rates LoRaWAN gateways, this paper prioritizes CO2 monitors 
compatible with this technology, leveraging their indoor range, 

ubiquitous connectivity, widespread adoption, low power con-
sumption, and seamless integration with existing infrastruc-
ture [54].

Another key criterion is autonomy, to support multimonth stud-
ies and redeployment. This implies ubiquity, understood as the 
ability to relocate CO2 monitors across representative spaces ac-
cording to the n ≪ N strategy, as well as comparability to ensure 
that measurements from different detectors can be interpreted 
consistently.

Although not central to data acquisition, screen characteris-
tics determine the visual feedback, which can influence user 
perception and space usage. However, this paper deprioritizes 
CO2 monitors designed primarily for local display because they 

TABLE 1   |   NDIR detectors; technical specifications.

NDIR detector MH-Z19B SenseAir S8 SenseAir Sunrise CozIR-LP

Measurement interval 
(ppm)

0–5000 0–2000 (indoor) 
0–10000 (outdoor)

400–10000 400–5000

Uncertainty ± 50 ppm or ± 5% 
measurement

± 50 ppm or ± 3% 
measurement

± 30 ppm or ± 3% 
measurement

±30 ppm or ± 3% 
measurement

Response time (s) < 120 120 16 30

Useful life (years) > 5 > 15 > 15 > 5

TABLE 2   |   CO2 monitors: criteria comparison.

CO2 monitor
CO2 

detector Calibration Connectivity Autonomy Screen Price

SanityAir [48] CozIR-LP No No Cable Yes €150–€200

Milesight 
AM307/308/319 

[49]

CozIR-LP Automatic 
(manual 
option)

LoRaWAN 3 years (AA 
batteries)

Yes €150–€200

Aranet4 Home/
Pro [50]

SenseAir 
Sunrise

Automatic 
(manual 
option)

Bluetooth 
LoRaWAN

2 years (AA 
batteries)

Yes €200–€250

DM 
72C/1306/1307 

[51]

SenseAir S8 No No Cable Yes (big 
screen)

€150–€200

CO2 panel PI/
matrix [52]

MH-Z19B Manual WiFi 
downloadable 

data

Cable No (led 
light)

€100–€150

Dioxcare [53] SenseAir S8 Manual USB 
downloadable 

data

14-h 
rechargeable 

battery 
(cable)

Yes €50–€100
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typically lack connectivity and therefore limit scalability in a 
distributed IoT ecosystem.

Finally, price is an important criterion to consider, for achieving 
cost–functionality balance. The need to monitor many spaces 
means that the unit price cannot be considered independently 
of autonomy, calibration and connectivity. Low-price CO2 
monitors are useful only when they meet these requirements, 
whereas high-performance CO2 monitors without connectivity 
or with limited autonomy impose hidden operational costs.

Based on these criteria, and after analyzing several commer-
cially available devices (see Table 2), we select two CO2 moni-
tors: Milesight AM307, incorporating a CozIR-LP detector; and 
Aranet4 Pro, based on the SenseAir Sunrise detector. These 
devices combine reliable NDIR detection, robust calibration be-
havior, LoRaWAN connectivity, long autonomy (over 2 years), 
and full portability. Using two sensor technologies also increases 
methodological robustness by enabling cross-comparison of the 
measurements under real operating conditions. This selection 
ensures consistent, interoperable, and scalable data acquisition 
across heterogeneous indoor environments, as a basis for the 
subsequent space-classification methodology and IAQ analysis. 
Moreover, the portability, autonomy, and connectivity of these 
selected CO2 monitors allow the methodology to be replicated 
in other buildings, locations, and contexts without increasing 
infrastructure costs.

2.2 | Placement of CO2 Monitors

With the CO2 monitors selected, the next step is to determine their 
optimal placement within each indoor space. As Introduction 
states, CO2 distribution in real buildings strongly depends on 
contextual factors such as space geometry, ventilation pathways, 
façade orientation, HVAC operation, and occupant behavior. 
These contextual boundary conditions require an evaluation of 
the key features of each space: orientation, windows and doors 
(number, size, and location), layout (teacher and seating areas), etc. 
Following this methodology, this paper chooses the optimal place-
ments and proposes their extrapolation to other types of space.

Identifying the most critical measurement points is essential to 
ensure meaningful long-term monitoring. This criterion of the 
most critical placement corresponds to the location where the 
CO2 concentration is highest. Since these locations depend on 
the space typology, all the spaces across the smart campus follow 

two recurrent configurations (see Figure 3). Type A shows a lat-
eral window façade parallel to the seating and teaching areas 
and a door typically located on the wall opposite the windows. 
Type B shows a windows area at the back of the space opposite 
the teaching area and doors near the teaching area. Since these 
geometries influence airflow patterns, fresh-air entry, and po-
tential CO2 accumulation zones, it is necessary to recontextual-
ize this placement analysis for each researching study.

Thus, to determine the optimal placements, we perform a situ-
ational analysis in each space (Types A and B), evaluating five 
points (P1–P5) with the highest potential CO2 concentrations. 
We select these points according to the expected airflow, prox-
imity to doors and windows, and anticipated sources of exhaled 
CO2. Figure 4 depicts the proposed placement scheme and 
Table 3 describes each placement.

The placement study follows real teaching conditions to ensure 
that the measurements reflect genuine IAQ behavior rather 
than idealized or laboratory-like scenarios. To this end, we de-
liberately reproduce the following operational conditions (ex-
trapolated for each specific context):

•	 The space is fully occupied at medium-to-high density. This 
ensures that the CO2 concentration is sufficiently high to 
reveal the highest CO2 accumulation zones for CO2 monitor 
placement.

•	 The HVAC system operates under its normal schedule. 
When CO₂ concentrations rise, we partially open the win-
dows so that natural ventilation complements mechanical 
ventilation, reproducing realistic mixed-mode operation.

•	 The entrance doors remain open for approximately 10 min 
at the start of the class and are then closed for the remainder 
of the session. This reproduces standard teaching practice 
and allows for observation of the door-driven air exchange.

•	 Windows opening follows the typical behavior of each 
space (closed, partially open, or fully open), reflecting the 
real variability based on orientation, weather conditions, 
and user habits.

•	 CO2 monitors recalibrate their sensors (in clean air) for 
10 min before measurements begin. Then, monitors record 
the CO₂ concentration (in parts per million [ppm]) over a 
60-min teaching session in four consecutive 15-min inter-
vals. This procedure enables identification of the locations 
with the highest and most persistent CO₂ levels.

(a) (b)

FIGURE 3   |   Space configurations in the smart campus: (a) Type A and (b) Type B.
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The results (see Tables 4 and 5) show that, in both Types A and 
B, the highest CO2 concentrations consistently occurred near 
the teaching area (P1 or P2). In Type A spaces, Table 4 indicates 
that the most unfavorable measurements appear in P1, where 
values highlight the highest CO2 concentration near the teacher 
area. This is consistent with the fact that the teacher speaks 
continuously during teaching, expending more energy and po-
tentially generating more exhaled CO2. This effect is even more 
pronounced when the window located near that corner is closed, 
which restricts ventilation. When that window is open, P2 (far 
corner in the teaching area) becomes the recommended place-
ment because it remains away from fresh-air inflow while still 
capturing the teacher-driven CO2 rise.

In Type B spaces, Table 5 shows that P1 again exhibits the high-
est CO2 concentrations, due to limited airflow in the teaching 
area and continuous exhalation by theteacher. In these spaces, 
without windows near the teaching area and closed doors 
during class, P2 captures measurements similar to P1 and is 

therefore the second most optimal placement with highest 
CO2 levels. These areas are characterized by limited airflow 
and continuous exhalation from the teacher, making them the 
placement choice for long-term monitoring. Locations near the 
door (P3) or central seating areas (P4) show lower CO2 concen-
trations due to higher mixing and airflow, whereas back-cor-
ner behavior (P5) depends on window operation and façade 
orientation.

To validate with statistical rigor the selection of P1 placement, 
a statistical analysis is conducted. This analysis seeks conver-
gence (toward the best placement), stability (to ensure statisti-
cally significance), and superiority (over other alternatives). 
As placements are space-dependent, we separately perform all 
analyses for Types A and B. Given that the sample size is four 
timestamps per hour (in five comparative placements) with a 
non-normal distribution of the data, we suggest applying non-
parametric statistical tests.

The Friedman test assesses if the placements (P1–P5) show 
global differences across the four timestamps. As an expected 
result, Friedman test sets that CO2 measurements significantly 
change their levels if p < 0.05. As shown in Table 6 for both Types 
A and B, test results reveal statistically significant differences, 
with p = 0.0039 (Type A) and p = 0.0042 (Type B). These results 
confirm that CO2 measurements strongly depend on the moni-
tor placement, with very large effect sizes (Kendall′sW > 0.95) 
and high consistency (X 2

> 15).

To further examine whether P1 systematically captures the 
highest CO2 concentrations, Wilcoxon signed-rank tests com-
pare P1 against each alternative position (P2–P5). As shown in 
Table 7, P1 consistently exhibits the highest CO2 levels across all 
timeslots and both Types A and B. Pairwise comparisons con-
firm the consistency, with the statistic W = 10.0 (W = 6.0 for P2 
in Type B).

Empirically data-supported, taken together the statistically 
significant global differences, the large effect sizes, and the 
consistent ranking of P1 support its selection as the standard 
placement criteria for all spaces and both types A and B.

(a) (b)

FIGURE 4   |   CO2 monitors. Placement scheme: (a) Type A and (b) Type B.

TABLE 3   |   Placement description.

Placement Type A Type B

P1 Near corner at 
teaching area 

(closed window)

Near corner at 
teaching area 
(closed doors)

P2 Far corner at 
teaching area 
(initially with 

open door)

Far corner at 
teaching area 
(initially with 

open door)

P3 In front of the 
door (initially 

with open door)

In front of the 
door (initially 

with open door)

P4 In the center of 
the seating area

In the center of 
the seating area

P5 Back corner 
(opposite the door)

Back corner and 
close to windows 

area (partially open)
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8 of 29 Indoor Air, 2026

To extrapolate this methodology to other architectural typolo-
gies (e.g., open plan offices, laboratories, auditoriums, complex 
spaces, etc.), this paper proposes the following procedure:

•	 Draw the space layout and, similar to Figure 4, highlight its 
key areas: windows and doors, main areas where people con-
duct energetic activities (e.g., working, walking and talking), 
and secondary areas where people conduct nonenergetic ac-
tivities (e.g., listening, watching, and working in silence).

•	 Identify several points (P1–P5 in this paper) with potentially 
the highest CO2 concentrations.

•	 Reproduce the operational conditions (teaching and learn-
ing in this paper) for each specific context.

•	 Monitor the CO2 measurements (Tables 4 and 5) at each 
identified point (P1–P5) of highest CO2 levels.

•	 Apply statistical significance analysis (as Friedman test 
and Wilcoxon signed-rank tests) to ensure convergence, 
stability, and superiority in the selection of the optimal 
placement (P1 in this paper). Additionally, choose a sec-
ondary placement option (P2 in this paper) as an opera-
tional alternative.

After determining the optimal location, we deploy CO2 moni-
tors across all spaces to potentially monitor (see Figure 5 for the 
full campus-wide deployment map with 71 locations in 3 build-
ings: A, B, and C), following a consistent nomenclature. The de-
ployment of the two previously selected types of CO2 monitors 
(Milesight AM307 and Aranet4 Pro) alternates between spaces 
to ensure comparability across building orientations and space 
configurations.

TABLE 5   |   CO2 measurements: Type B.

Placement

Measurement #1 Measurement #2 Measurement #3 Measurement #4

Timeslot 
(minutes)

CO2 
(ppm)

Timeslot 
(minutes)

CO2 
(ppm)

Timeslot 
(minutes)

CO2 
(ppm)

Timeslot 
(minutes)

CO2 
(ppm)

P1 00–15 504 15–30 498 30–45 505 45–60 491

P2 00–15 490 15–30 498 30–45 491 45–60 488

P3 00–15 472 15–30 469 30–45 476 45–60 461

P4 00–15 473 15–30 493 30–45 489 45–60 487

P5 00–15 471 15–30 479 30–45 482 45–60 473

TABLE 6   |   Friedman test for P1–P5 placements.

X 2 p Kendall's W

Type A 15.40 0.0039 0.96

Type B 15.24 0.0042 0.95

TABLE 7   |   Wilcoxon signed-rank tests for P1 against P2–P5 
placements.

W p r p_holm

(a) Type A

P2 10.0 0.0625 0.7670 0.25

P3 10.0 0.0625 0.7670 0.25

P4 10.0 0.0625 0.7670 0.25

P5 10.0 0.0625 0.7670 0.25

(b) Type B

P2 6.0 0.1250 0.5751 0.25

P3 10.0 0.0625 0.7670 0.25

P4 10.0 0.0625 0.7670 0.25

P5 10.0 0.0625 0.7670 0.25

TABLE 4   |   CO2 measurements: Type A.

Placement

Measurement #1 Measurement #2 Measurement #3 Measurement #4

Timeslot 
(minutes)

CO2 
(ppm)

Timeslot 
(minutes)

CO2 
(ppm)

Timeslot 
(minutes)

CO2 
(ppm)

Timeslot 
(minutes)

CO2 
(ppm)

P1 00–15 532 15–30 539 30–45 522 45–60 559

P2 00–15 522 15–30 510 30–45 517 45–60 539

P3 00–15 479 15–30 486 30–45 478 45–60 520

P4 00–15 521 15–30 498 30–45 495 45–60 530

P5 00–15 501 15–30 500 30–45 505 45–60 533
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2.3 | Calibration of CO2 Monitors

With the CO2 monitors deployed across the three buildings of 
the smart campus, and prior to collecting operational data, it is 
necessary to carry out a calibration procedure. This calibration 
procedure is aimed at establishing a criterion to determinate 

whether each CO2 monitor operates correctly or requires cal-
ibration. A key point in this procedure is understanding that 
measurements obtained from a CO2 monitor may be either 
above or below the real CO2 concentration. If a monitor under-
estimates the CO2 level, the real concentration would be higher 
than the measurement. It implies that the space would appear 

C

B

A

FIGURE 5   |   Campus-wide deployment map. The figure includes (i) nomenclature to identify each monitored space (building = A∕B∕C , 
floor = 0∕1∕2 , and space identifier = 01∕02∕ .. ), (ii) sensor-type markers (circle = MilesightAM307 , and triangle = Aranet4 Pro), and (iii) a compass 
icon to indicate building orientation.
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10 of 29 Indoor Air, 2026

to be sufficiently ventilated when it is not, which could lead to 
insufficient ventilation and, therefore, lower IAQ levels, poten-
tially compromising occupants' health. Conversely, if a monitor 
overestimates the real CO2 level, subsequent overventilation is 
acceptable, as it leads to improve IAQ conditions. For this rea-
son, the calibration procedure must be more restrictive with 
measurements that are below the real concentration.

To determine an acceptable error margin and verify the proper 
performance of the deployed CO2 monitors, this paper proposes 
the following sequenced calibration procedure:

1.	Obtain reference CO2 measurements using a certified de-
vice: This study uses the Testo 480 monitor [55] with a cali-
bration certificate.

2.	Obtain CO2 measurements for each monitored location, 
using the deployed CO2 monitors.

3.	Compute the difference between obtained CO2 measure-
ments and the certified reference: Figure 6 shows these dif-
ferences (in ppm, vertical axis) for all monitored spaces in 
Buildings A, B, and C, grouped by floor.

4.	Analyze the dispersion of the obtained CO2 measurements 
in order to determine the upper and lower thresholds that 
indicate whether each CO2 monitor is properly measuring 
or requires calibration; To establish these thresholds, this 
paper proposes the following criterion:

•	 Take as an initial reference the uncertainty specified for 
NDIR detectors (see Table 1), which ranges between ± 3% 
and ± 5% measurement or ± 30 and ±50 ppm.

•	 Calculate the uncertainty levels: Using all CO2 measure-
ments collected herein, the mean value obtained is 502 ppm. 
Thus, the uncertainty levels corresponding to this mean 
value are ± 15.06 ppm (± 3%) or ± 25.10 ppm (± 5%), and 
alternatively, ± 30 ppm or ± 50 ppm, as specified by NDIR 
manufacturers.

•	 Quantify the percentage of CO2 measurements that meet 
each uncertainty level: Figure 6 (horizontal dotted lines) in-
dicates the following compliance levels: 30% (21 of 71 mea-
surements) for ± 15 ppm, 46% (33 of 71) for ± 25 ppm, 53% 
(38 of 71) for ± 30 ppm, and 80% (57 of 71) for ± 50 ppm.

5.	Choose the compliance level: Considering the number of 
deployed CO2 monitors, the associated calibration costs (ac-
cording to infrastructures, operatives, etc.), and the mag-
nitude of acceptable error (in absolute value), this paper 
targets a 90% compliance (this choice could be adjusted for 
each specific context). With this compliance level of 90% 
(64 of 71 measurements), thresholds are set (see Figure 6) at 
+65 ppm (upper, red line) and −55 ppm (lower, blue line).

6.	Calibrate the CO2 monitors exceeding the target thresholds: 
Under this 90% compliance level, only seven CO2 monitors 
require calibration (Locations B1.07, B2.05, C0.01, C0.04, 
C1.05, C2.06, and C2.13).

This procedure means the initial calibration before deployment. 
To validate the durability of this calibration procedure, the long-
term sensor stability, and potential seasonal variations across a 

full year must be considered, which govern the need for periodic 
recalibration. In tertiary and institutional buildings, long-term 
maintenance involves multiple costs (human and material), 
logistical and operating factors, planning, routine monitoring, 
among others. However, in this context of CO2 measuring, the 
behavior of CO2 helps with its recalibration. Without occupancy 
or activity, the CO2 levels reduce to their reference baseline 
around 420 ppm. As discussed in Section 3.3. by analyzing the 
day-by-day CO2 evolution, the CO2 measurements during week-
ends verify that the CO2 monitors remain calibrated. In this 
paper, the recalibration criterion sets the same thresholds deter-
mined for initial calibration: +65 ppm and −55 ppm relative to 
the CO2 baseline of 420 ppm. Thus, a CO2 monitor is recalibrated 
when it does not meet this criterion for three weekends in a 
month. Table 8 reports monthly drift rates across a full yearand 
highlights the recalibration points when weekend CO2 measure-
ments do not fulfill the thresholds. These statistics show how 
this automated check procedure by monitoring the weekend 
CO2 baseline leads a sustainable and cost-effective intervention 
for long-term maintenance of the deployed infrastructure.

To confirm the statistical significance of this procedure, the 
paired Wilcoxon signed-rank test reveals a very small shift 
(p < 0.001). For each building across a full year, Figure 7 shows 
how the mean drifts rates are ± 24 ppm (dashed blue line), with 
95% of the CO2 monitors fulfilling the calibration thresholds. 
This homogeneous behavior across buildings, with a lack of pro-
gressive divergence, indicating that the CO2 monitors remain 
stable. Hence, following these calibration and recalibration pro-
cedures, all CO2 monitors are ready for accurate long-term IAQ 
monitoring across the smart campus.

3 | Results

From the previously proposed methodology, this section ana-
lyzes the results obtained to propose three types of contributions 
that support informed decision-making for efficient IAQ man-
agement and planning:

•	 A monitoring map, providing a complete overview of the 
CO₂ levels across the smart campus. This map enables (a) 
global quantification of the IAQ levels, (b) categorization 
of all spaces according to their IAQ performance, and (c) 
identification of a subset of representative spaces for their 
subsequent IAQ study.

•	 An IAQ study focused on these representative spaces, ex-
amining the relationships between IAQ behavior and key 
contextual factors that characterize each space type: orien-
tation, location, size, and occupancy.

•	 An analysis of CO₂ evolution, presented through two com-
plementary visualizations (day-by-day and hour-by-hour), 
elucidating the CO₂ dynamics in relation to working and non-
working days, holiday periods, HVAC operation, and natural 
ventilation processes (such as window and door opening).

These three analytical layers provide a coherent framework 
for understanding IAQ behavior in heterogeneous educa-
tional buildings and for supporting data-driven ventilation and 
space-management strategies.
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3.1 | Monitoring Map

The monitoring map constitutes the starting point for analyzing 
IAQ behavior across the smart campus. Its purpose is to offer a 
coherent, campus-wide overview of CO2 conditions under real 
operating contexts, enabling comparisons between buildings, 
floors, and space types. From this map, the subsequent identi-
fication of representative spaces helps understand the heteroge-
neity, as highlighted in the Introduction. To generate this map, 

the dataset structures the diversity of IAQ performance across 
the smart campus. Herein, the monitoring procedure involves 
the following steps:

•	 Obtain CO₂ data as real-time measurements through the 
deployed IoT ecosystem from 71 locations (see Figure 5): 17 
in Building A (7 on Floor 0, 5 on Floor 1, and 5 on Floor 2), 
22 in Building B (10 on Floor 1 and 12 on Floor 2), and 32 in 
Building C (4 on Floor 0, 9 on Floor 1, and 19 on Floor 2).

0
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–55 ppm

(ppm)

+15
+25
+30

–25

+50

–30

–50

–80

+80
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FIGURE 6   |   Calibration procedure: differences in CO2 measurements between the certified reference device and the deployed CO2 monitors.
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12 of 29 Indoor Air, 2026

TABLE 8   |   Monthly drift rates relative to the CO2 baseline for the recalibration check.

Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug

(a) Building A

A0.01 −2 +5 +12 +8 +5 +2 +0 −2 +2 0 −8 −15

A0.02 +15 +12 +22 +28 +45 +52 +60 +78 +20 +18 +5 −2

A0.03 +42 +55 +60 +62 +59 +42 +75 +25 +15 +12 −8 −18

A0.04 −5 0 +8 +5 +2 0 −2 −5 −2 −5 −8 −12

A0.05 +8 +15 +22 +18 +18 +15 +12 +10 +12 +10 +2 −2

A0.06 +55 +57 +60 +72 +38 +35 +22 +15 +12 0 −10 −8

A0.07 +10 +18 +25 +22 +20 +18 +15 +12 +16 +14 +5 −2

A1.01 0 +5 +10 +8 +5 +2 0 −2 −5 −8 −5 −12

A1.02 +8 +10 +15 +12 +10 +8 +5 +2 0 −2 +2 −5

A1.03 +5 +8 +12 +10 +8 +5 +2 0 −2 −5 −2 −10

A1.04 −2 0 +5 +2 0 −2 −5 −8 −10 −12 −8 −15

A1.05 +15 +18 +22 +20 +20 +18 +15 +12 +10 +8 +10 +2

A2.01 +25 +30 +35 +32 +32 +30 +28 +25 +20 +18 +20 +12

A2.02 +22 +25 +32 +30 +30 +28 +25 +22 +18 +15 +15 +8

A2.03 +28 +32 +38 +35 +35 +32 +30 +28 +22 +20 +22 +15

A2.04 −2 +2 +8 +5 +5 +2 0 −2 −5 −8 −8 −15

A2.05 +5 +10 +15 +12 +15 +12 +10 +8 +5 +2 −2 −10

(b) Building B

B1.01 +0 +5 +12 +10 +15 +12 +8 +5 −2 −5 −8 −15

B1.02 +5 +10 +18 +15 +22 +18 +15 +10 +5 +2 −2 −10

B1.03 +2 +8 +15 +12 +18 +15 +12 +8 +2 0 −5 −12

B1.04 +8 +12 +20 +18 +25 +22 +18 +12 +8 +5 0 −8

B1.05 +2 +8 +15 +12 +18 +15 +12 +8 +2 0 −5 −12

B1.06 −2 +2 +8 +5 +10 +8 −8 −20 −44 −75 +2 +25

B1.07 +5 +12 +18 +15 +22 +20 +15 +12 +5 +2 −2 −8

B1.08 +2 +8 +15 +12 +18 +15 +12 +8 +2 −2 −5 −10

B1.09 +5 +10 +15 +12 +20 +18 +15 +10 +5 0 −2 −8

B1.10 +8 +15 +22 +20 +25 +22 +18 −8 +5 +2 −9 −5

B2.01 +12 +18 +25 +22 +25 +22 18 15 8 5 5 −2

B2.02 +18 +22 +30 +28 +32 +28 25 20 12 −2 −13 −20

B2.03 +10 +15 +22 +20 +28 +25 22 18 10 5 2 −5

B2.04 +15 +20 +38 +45 +50 +68 25 20 12 8 −2 0

B2.05 +12 +18 +25 +22 +25 +22 18 15 −1 0 5 −2

B2.06 +12 +15 +25 +22 +25 +7 −12 −15 0 5 −5 2

B2.07 +18 +20 +32 +28 +32 +28 25 −10 2 8 −18 4

B2.08 +15 +18 +28 +25 +28 +25 22 18 10 5 8 15

(Continues)
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13 of 29

TABLE 8   |   (CONTINUED)

Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug

B2.09 +18 +20 +30 +48 +52 +72 25 20 12 8 −10 −12

B2.10 +15 +20 +28 +25 +30 +28 −5 10 −8 12 −2 0

B2.11 +20 +25 +35 +32 +38 +35 30 25 18 12 12 5

B2.12 +18 +22 +30 +28 +35 +32 28 22 15 10 10 2

(c) Building C

C0.01 +15 +20 +25 +22 +25 +22 +18 +12 +8 +5 −8 −12

C0.02 +22 +25 +30 +28 +32 +28 +25 +18 +12 +8 −2 −8

C0.03 +15 +18 +22 +20 +22 +20 +18 +12 +5 +2 −10 −12

C0.04 +20 +22 +28 +25 +30 +25 +22 +15 +10 +5 −5 −10

C1.01 −2 +2 +8 +5 +8 +5 −2 −5 −8 −15 −18 −66

C1.02 +5 +8 +12 +10 +15 +12 +8 +5 +2 −2 −8 −12

C1.03 +2 +5 +10 +8 +10 +8 +5 0 −2 −5 −12 −15

C1.04 +5 +8 +12 +10 +18 +15 +12 +8 +5 0 −10 −13

C1.05 +5 +8 +12 +10 +15 +12 +10 +5 +2 −2 −10 −15

C1.06 0 +5 +10 +8 +10 +8 +5 0 −2 −5 −15 −18

C1.07 +8 +12 +15 +12 +18 +25 +32 +52 +67 +2 −8 −12

C1.08 +5 +8 +12 +10 +2 −2 −10 −15 −28 −32 −15 −5

C1.09 +5 +10 +15 +12 +38 +45 +52 +78 +5 0 −8 −12

C2.01 +12 +15 +18 +15 +20 +18 +15 +10 +5 +2 −5 −8

C2.02 +18 +20 +22 +20 +25 +22 +20 −15 −3 +8 0 −2

C2.03 +10 +12 +15 +12 +18 +8 +2 0 −8 −10 +2 −6

C2.04 +15 +18 +20 +18 +12 +8 +5 −2 −5 +9 −2 −16

C2.05 +12 +15 +20 +18 +12 +8 +5 −2 −5 −15 −12 +3

C2.06 +8 +12 +18 +12 +8 +2 0 −8 −10 +1 −11 −23

C2.07 +15 +20 +25 +22 +28 +25 +71 +18 +12 −2 −18 −32

C2.08 +12 +15 +20 +18 +22 +18 +5 +2 −5 −8 −17 +2

C2.09 +15 +18 +22 +20 +25 +8 +5 −2 −5 +7 −12 −4

C2.10 +12 +15 +20 +18 +22 +20 +18 +12 −2 +5 −5 −8

C2.11 +18 +20 +25 +22 +48 +55 +32 +18 +2 −4 +7 −9

C2.12 +10 +12 +18 +15 +20 +18 +15 +10 +5 +2 −8 −10

C2.13 +15 +18 +22 +20 +25 +22 +20 +15 +10 +8 −2 −5

C2.14 +12 +15 +20 +18 +22 +20 +18 +12 +8 +5 −5 −8

C2.15 +18 +20 +25 +22 +28 +75 +22 +18 +2 −23 −18 −6

C2.16 +10 +12 +18 +15 +20 +18 +5 +2 −8 −10 −17 −33

C2.17 +15 +18 +22 +20 +10 +8 −2 −5 +10 +1 −7 −25

C2.18 +18 +20 +25 +22 +28 +25 +22 0 −5 +10 −18 −2
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•	 Monitor data during the first semester: September, October, 
November, December, and January.

• Tag CO₂ measurements according to three categories of 
monitored days/hours:
•	 School days with working hours: This category includes 

days with scheduled academic activity within the open-
ing and closing times (from 8 to 21 h) of the buildings. 
CO₂ measurements in this category correspond to peri-
ods when spaces may be occupied.

•	 School days without working hours: This category refers 
to periods within school days when buildings are closed 
(from 21 to 08 h). These measurements are useful to un-
derstand how CO₂ levels drop to their minimum base-
line values (ideally around 420 ppm) and rise again when 
activity resumes.

•	 Nonworking days: This category includes Saturdays, 
Sundays, and holidays. CO₂ measurements during these 
days are useful for characterizing how minimum CO₂ 
levels stabilize over weekends or holiday periods and 
serve as a calibration reference.

From these premises, this paper proposes the following classifi-
cation procedure (see Figure 8):

1.	Define the time percentage when CO₂ >1500 ppm, and cal-
culate it on school days with working hours:

Define the monthly time percentage as time percentage (T) for 
each month from September to January.

As Introduction describes, reducing T ensures that IAQ levels 
comply with health recommendations [6–9]. Figure 8 shows the 
TM values between 0%–10% on the vertical axis. The horizontal 
axis lists all monitored spaces (A0.01–C2.19), organized in five col-
umns for each month (left to right): September (black), October (or-
ange), November (brown), December (red), and January (purple).

2.	Observe and identify heterogeneity to propose an effec-
tive classification range for the case study: This approach 
can then be extrapolated to the range that best fits each 
context.

3.	Select thresholds that allow the grouping of all spaces into 
R ranges: In this case study, R = 5 (A to E, see Table 9). 
Figure 8 highlights (with horizontal dashed lines) these 
five ranges: TM < 1% (Range A), TM ∈ [1%−3%] (Range B), 
TM ∈ [3%−5%] (Range C), TM ∈ [5%−7%] (Range D), and 
TM > 7% (Range E).

4.	Assign each space to the range where its TM value is highest, 
following a descending-discard criterion:

•	 If any TM value exceeds 7%, the space is assigned to Range 
E; otherwise

•	 If any TMvalue exceeds 5%, the space is assigned to Range D, 
and so on until Range A.

•	 For example: A2.01 (and A2.02, A2.03, A2.04, and A2.05), 
all showing TM > 7%, are ranged as E. A0.03 (and A1.01 
and A1.02), which exceed 5% but not 7%, are ranged as D. 
Following this criterion, Figure 8 shades each space accord-
ing to its range: pink (E), orange (D), blue (C), green (B), and 
yellow (A). Table 9 shows the monitored spaces classified 
for each of the five ranges.

5.	Select the worst case space within each range (for each 
building): The worst-case means the space with the highest 
TM value within each range. Figure 8 and Table 9 highlight 
in bold these worst-cases

For example: A2.01 (and A2.02, A2.03, A2.04, and A2.05), 
all showing TM > 7%, are ranged as E. A0.03 (and A1.01 
and A1.02), which exceed 5% but not 7%, are ranged as D. 
Following this criterion, Figure 8 shades each space accord-
ing to its range: pink (E), orange (D), blue (C), green (B), and 
yellow (A). Table 9 shows the monitored spaces classified for 
each of the five ranges.

5.	Select the worst case space within each range (for each 
building): The worst-case means the space with the highest 
TM value within each range. Figure 8 and Table 9 highlight 
in bold these worst-cases

This classification procedure provides a systematic way to 
organize the monitoring map and also helps interpret the 
context-award patterns revealed in Figure 8 However, for ex-
trapolating this procedure to other tertiary buildings and sci-
entific studies, it is necessary to confirm its statistical rigor. 
For this, we propose the following sensitivity analysis through 
two approaches. The first approach examines whether each 
space maintains (or not) its classification within its range when 

(1)T =
timestampswhenCO2>1500 ppm

total timestamps on school dayswithworking hours

(2)

TM =
timestamps (in amonth)whenCO2>1500 ppm

total timestamps (in amonth) on school dayswithworking hours

0

(ppm)

±50

Building A Building B Building C
±100

±24

FIGURE 7   |   Building drift rates relative to the CO2 baseline.
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thresholds vary by ± 10%. This provides an indicator of the 
robustness and well-scalability of the classification scheme. 
Beyond threshold variations, the second approach examines 
how quickly the classification converges over the months and 
identifies whether early classifications are representative or sub-
ject to further revision across the full year.

As a first approach, we have recalculated the space assign-
ment with new ± 10% thresholds. Thus, the new −10% thresh-
olds are TM < 0.9%  (Range A), TM ∈ [0.9%−2.7%]  (Range B), 
TM ∈ [2.7%−4.5%]  (Range C), TM ∈ [4.5%−6.3%]  (Range D), 
TM > 6.3%  (Range E). And new +10% thresholds are: TM < 1.1%  
(Range A), TM ∈ [1.1%−3.3%]  (Range B), TM ∈ [3.3%−5.5%]  
(Range C), TM ∈ [5.5%−7.7%]  (Range D), and TM > 7.7%  
(Range E). From the previously described T  and TM , we define 
the maximum of TM in a study period (e.g., a semester or a 
full year).

After recalculating TM and TMmax for new ± 10% thresholds, 
Figure 9 highlights the spaces that change in range (shaded in 
blue). Of the 71 analyzed spaces, 9 spaces (12%) change their 
range when thresholds decrease by 10%, and only 1 space 
when thresholds increase by 10%. This means that 88%–99% 
of spaces retain their original classification under threshold 
variations. Furthermore, range changes are distributed across 
different buildings (two in Building A, three in Building B, 
and five in Building C), suggesting that sensitivity effects are 
space-specific and not driven by building-level bias. Such be-
havior is indicative of a stable and well-scaled classification 
scheme where ranges are not excessively sensitive to changes 
in thresholds. Moreover, all changes involve transitions be-
tween adjacent ranges (from B to C, C to D, and D to E or E 

(3)TMmax=max(TM)

B1.01 B1.02 B1.03 B1.04 B1.05 B1.06 B1.07 B1.08 B1.09 B1.10 B2.01 B2.02 B2.03 B2.04 B2.05 B2.06 B2.07 B2.08 B2.09 B2.10 B2.11 B2.12

10
9
8
7
6
5
4
3
2
1
0

(%)

A0.01 A0.02 A0.03 A0.04 A0.05 A0.06 A0.07 A1.01 A1.02 A1.03 A1.04 A1.05 A2.01 A2.02 A2.03 A2.04 A2.05

10
9
8
7
6
5
4
3
2
1
0

(%)

C2.01 C2.02 C2.03 C2.04 C2.05 C2.06 C2.07 C2.08 C2.09 C2.10 C2.11 C2.12 C2.13 C2.14 C2.15 C2.16 C2.17 C2.18 C2.19
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1
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(%)

C0.01 C0.02 C0.03 C0.04 C1.01 C1.02 C1.03 C1.04 C1.05 C1.06 C1.07 C1.08 C1.09
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3
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1
0

(%)

(a) Building A

(b) Building B

(c) Building C. Floors 0 and 1

(d) Building C. Floor 2

FIGURE 8   |   Monitoring map: Monitored spaces colored by range and highlighted (in bold and remarked) the highest TM  percentages within each 
range. Note: Point 5 of the classification procedure indicates "Select the worst case space within each range (for each building). The worst case means 
the space with the highest TM value within each range. Figure 8 and Table 9 highlight in bold these worst cases."  The significance of bolded data in 
Figure 8 is the worst case within each range.
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16 of 29 Indoor Air, 2026

to D), without jumping across ranges. This behavior confirms 
that classification boundaries are coherently ordered without 
range discontinuities.

As a second approach, we determine the time window necessary 
to ensure the stability and convergence of the procedure. For 
this, the classification is recomputed using progressively longer 
windows (Wi): W1 with the first month only, W2 with the first 2 
months, W3 with the first 3 months, and so on with i from 1 to 
5. We define:

Thus, after recalculating TWi  and TWimax  (for W1  to W5  in the study 
period of 5 months) out of the 71 analyzed spaces: 13 spaces con-
verge in W1  (after the first month), 17 in W2 , 37 in W3 , and only 
4 spaces require 4 months to stabilize. This means that +94% of 
spaces converge within the first 3 months. This convergence anal-
ysis shows that the proposed classification procedure captures 
structural CO2 patterns rather than transient effects: three moni-
tored months are sufficient to obtain a stable categorization.

After statistically ensuring the validity and replicability of 
the classification procedure, Table 10 summarizes the se-
lected spaces, detailing their key contextual factors: orien-
tation (N = north , S = south , E = east , W = west), location 
(building = A∕B∕C and floor = 0∕1∕2), size (large, medium, 
and small), and occupancy (high, moderate, low).

Before moving into the IAQ study detailed in the next section, 
the key insights highlighted with this monitoring map are use-
ful to translate into actionable interventions for new deploy-
ments in three stages:

•	 A priori decisions: Monitoring map shows substantial differ-
ences between spaces that a priori may appear similar accord-
ing to architectural plans. For example, A0.03, A0.04, and 
A0.05 (similar in size and located on the same floor, as shown 
in Figure 5) are classified into different ranges (D, B, and A, 
respectively). As analyzed in the next section, this divergence 
is explained by key factors such as orientation, location, size, 
occupancy, and scheduling. As discussed in Conclusions, this 
can be translated into an intervention tool through a predic-
tive sorter using a neural-network weight-vector algorithm. 
Furthermore, this monitoring map justifies the n ≪ N strat-
egy with statistical significance. Once all the potentially lo-
cations (N) can be grouped into a set of representative spaces 
(n), the IAQ study can be sustainable and cost-effective

•	 Comprehensive view: This map provides a large-scale over-
view of the IAQ levels throughout time and space. It shows 
how CO2 behavior significantly varies across several months 
within the same space. This is attributed to the changing 
rhythms of university activities throughout the semester: 
September (black) and January (purple) show the lowest at-
tendance due to (respectively): start of the academic period 
(without practical sessions or coursework), and the exam pe-
riod (without classes). October (orange), November (brown), 
and December (red) show higher attendance, resulting in 
higher CO2 percentages. By revealing this variability, classifi-
cation provides a structured way to interpret IAQ behavior in 
relation to underlying contextual factors such as schedules, 
usage patterns, and seasonal fluctuations.

•	 Long-term strategies: The set of representative spaces se-
lected from this monitoring map can follow a rotation 
schedule. Once the classification procedure groups all the 
spaces in R ranges, the CO2 monitors can be moved to other 
spaces of the same range each season (autumn–winter vs. 

(4)

TWi =
timestamps (in the first i−months)whenCO2 >1500 ppm

total timestamps (in the first i−months) on school dayswithworking hours

(5)TWimax=max
(

TWi

)

TABLE 9   |   Monitored spaces classified by range and highlighted (in 
bold) the highest TM percentages within each range.

Range CO2 > 1500

Building 
A

Building 
B

Building 
C

A < 1% A0.05, B1.05, 
B1.06, 
B1.09,

C2.14, 
C2.15, 
C2.16,

A1.03, 
A1.04, 
A1.05

B2.06, 
B2.12

C2.17, 
C2.18, 
C2.19

B 1%–3% A0.01, 
A0.02, 
A0.04

B1.07, 
B1.08,

C2.10, 
C2.11,

B2.01, 
B2.02, 
B2.05, 
B2.11

C2.12, 
C2.13

C 3%–5% A0.06, 
A0.07

B1.03, 
B1.04,

C1.05, 
C1.06, 
C1.07, 
C1.08, 
C1.09,

B2.03, 
B2.04

C2.05, 
C2.06, 
C2.07, 
C2.08, 
C2.09

D 5%–7% A0.03, 
A1.01, 
A1.02

B1.01, 
B1.02, 
B1.10

C1.01, 
C1.02, 
C1.03, 
C1.04,

C2.01, 
C2.02, 
C2.03, 
C2.04

E > 7% A2.01, 
A2.02, 
A2.03,

B2.07, 
B2.08, 
B2.09, 
B2.10

C0.01, 
C0.02, 
C0.03, 
C0.04A2.04, 

A2.05

Note: Point 5 of the classification procedure indicates "Select the worst case 
space within each range (for each building). The worst case means the space 
with the highest TM value within each range. Figure 8 and Table 9 highlight in 
bold these worst cases". The significance of bolded data in Table 9 is the worst 
case within each range.
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17 of 29

spring–summer) or each academic course. This strategy 
supports the CO2-based ventilation assessment system and 
reinforce the sensitivity analysis of the proposed descend-
ing-discard criterion. Furthermore, because the proposed 
selection, placement and calibration procedures follow 
criteria of portability, autonomy, and connectivity, the re-
configuration of these IoT-driven solutions remains their 
cost-effective feature.

3.2 | IAQ Study

Building on the previous classification procedure, this section 
analyzes the IAQ behavior of each selected space in the three 

buildings. As World Health Organization (WHO) suggests [4], 
IAQ is determined by air pollutants, such as volatile organic 
compounds (VOC), formaldehyde and particulate matters (PM) 
(specifically PM2.5 and PM10), among other biological and 
chemical factors. As the first step of the proposed IAQ study, 
this paper considers the maximum allowable values for these 
pollutant concentrations:

•	 Formaldehyde is often present in buildings indoors, mainly 
originating from chipboard and other materials derived 
from wood, equipment, treatments, hygiene and cosmetic 
products, and exhaust gases. Several international organi-
zations regulate their recommended thresholds for daily 
exposure. WHO guideline [11] sets a limit value of 100 parts 

TABLE 10   |   Selected spaces for the IAQ study.

Selected space Orientation

Location Size Occupancy

Building Floor Large Medium Small High Moderate Low

A1.03 E A 1 • •

A0.01 E A 0 • •

A0.03 E A 0 • •

A0.06 S A 0 • •

A2.02 E A 2 • •

B1.06 S B 1 • •

B2.02 S B 2 • •

B1.10 N B 1 • •

B1.04 S B 1 • •

B2.07 N B 2 • •

C2.19 S C 2 • •

C2.10 S C 2 • •

C2.05 N C 2 • •

C1.04 N C 1 • •

C0.02 N C 0 • •

Canteen W A 0 • • • •

Canteen N C 0 • • • •

Library W C 1 • • • •

Space Previous TMmax
-10% threshold +10% threshold

TM interval Range TM interval Range TM interval Range
A0.03 5% – 7% D 6.8 > 6.3% E 5.5 – 7.7% D
A0.06 3% – 5% C 4.7 4.5 – 6.3% D 3.3 – 5.5% C
B1.04 3% – 5% C 4.8 4.5 – 6.3% D 3.3 – 5.5% C
B1.10 5% – 7% D 6.9 > 6.3% E 5.5 – 7.7% D
B2.02 1% – 3% B 2.9 2.7 – 4.5% C 1.1 – 3.3% B
C1.04 5% – 7% D 6.9 > 6.3% E 5.5 – 7.7% D
C1.05 3% – 5% C 4.7 4.5 – 6.3% D 3.3 – 5.5% C
C2.01 5% – 7% D 6.8 > 6.3% E 5.5 – 7.7% D
C2.05 3% – 5% C 4.9 4.5 – 6.3% D 3.3 – 5.5% C
C0.04 > 7% E 7.4 > 6.3% E 5.5 – 7.7% D

FIGURE 9   |   Monitored spaces that change in range with the new ± 10% thresholds.
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18 of 29 Indoor Air, 2026

per billion (ppb) or 100 µg/m3. In Spain, Directive UNE-EN 
16798-1:2020 [6] sets four thresholds for indoor formalde-
hyde concentrations: not significant (< 20 µg/m3), weakly 
significant (20–50 µg/m3), strongly significant (50–100 µg/
m3), and extremely significant (> 100 µg/m3).

•	 PMs are suspended particles often because of inadequate 
air ventilation. Their presence in buildings indoors can 
harmfully impact eye irritation, headaches, fatigue, and 
even respiratory diseases (e.g., allergies and asthma). The 
Environmental Protection Agency (EPA) and National 
Ambient Air Quality Standard (NAAQS) [12] set maxi-
mum daily average of 35 µg/m3 (for PM2.5) and 150 µg/m3 
(for PM10). Directive 2008/50/EC [7] sets daily averages of 
20 µg/m3 (for PM2.5) and 45 µg/m3 (for PM10), and WHO 
air pollution guidelines [13] decrease these daily averages to 
15 µg/m3 (for PM2.5) and 40 µg/m3 (for PM10).

From these considerations, Figure 10 shows the obtained real 
measurements (in µg/m3, see vertical axis) represented with 
their maximum (red), average (blue), and minimum (green) 
daily values for each selected space (see horizontal axis) within 
the monitored months (September to January) when the space 

is occupied. In Figure 10a, formaldehyde shows low values 
(between 1 and 14 µg/m3), well below the maximum limit es-
tablished by the recommended thresholds (marked by yellow 
horizontal lines). For PM, the values range between 2 and 9 µg/
m3 (see Figure 10b for PM2.5), and between 1 and 9 µg/m3 (see 
Figure 10c for PM10). In all cases, these daily concentrations are 
well below the recommended thresholds (marked by yellow hor-
izontal lines). This confirms that the international regulations 
are being followed in all spaces.

These results justify that subsequent study focuses on CO2 as 
a key IAQ indicator and its interrelations with occupancy pat-
terns, space size, architectural characteristics, and contextual 
factors. Thus, Figures 11, 12, 13, 14, 15, 16, 17, 18, 19, 20 and 
21 continue the IAQ study by illustrating the CO2 real mea-
surements in each selected space. In these figures, the vertical 
axis represents the monitored months (September to January), 
whereas the horizontal axis represents the percentage of time 
(from 50% to 100%) during school days with working hours 
in which the monitored CO2 concentration fulfills the inter-
national recommendations [6–9]: CO2 level < 800 ppm (dark 
green), 800–1000 ppm (light green), 1000–1500 ppm (orange), 
and > 1500 ppm (red).

(a) Formaldehyde

(b) PM2.5

(c) PM10
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FIGURE 10   |   Air pollutants.
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FIGURE 11   |   Building A: Range A—low occupancy (A1.03).
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FIGURE 12   |   Building A: Range B—moderate occupancy (A0.01).

(a) A0.06 (large) – Range C

(c) A2.02 (small) – Range E

(b) A0.03 (medium) – Range D
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FIGURE 13   |   Building A: high occupancy.
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(a) B1.06 (low occupancy) – Range A

(b) B2.02 (moderate occupancy) – Range B

FIGURE 14   |   Building B: large size.
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20 of 29 Indoor Air, 2026

3.2.1 | Building A

The analysis begins with Building A, examining representa-
tive spaces according to occupancy, from the lowest CO2 lev-
els (A1.03, low occupancy; A0.01, moderate occupancy) to the 

highest CO2 levels with high occupancy (A0.06, large; A0.03, 
medium; A2.02, small). Figure 11 shows the best IAQ condi-
tions in A1.03 (low occupancy). All months show that the values 
of CO2 < 1000 ppm for over 94% of the time: 99% in October, 94% 
in November, 95% in December, and 98% in January.

SEP
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50 60 70 80 90 100

FIGURE 15   |   Building B: medium size and moderate occupancy (B1.04)—Range C.
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FIGURE 16   |   Building B: large size and high occupancy (B1.10)—Range D.
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FIGURE 17   |   Building B: Small size and high occupancy (B2.07)—Range E.
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FIGURE 18   |   Building C: small size and low occupancy (C2.19)—Range A.

(a) South orientation (C2.10) – Range B

(b) North orientation (C2.05) – Range C
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FIGURE 19   |   Building C: medium size with moderate occupancy.
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Figure 12 shows the results for A0.01 (moderate occupancy). 
IAQ levels are similar to those in A1.03, but owing to a higher 
occupancy, the percentage of time with CO2 > 1000 ppm in-
creases by approximately 1%–5% in all months (A0.01 vs. A1.03): 
1% versus 4% (October), 6% versus 11% (November), 5% versus 6% 
(December) and 2% versus 3% (January). These results confirm 
that higher occupancy directly increases CO2 concentrations.

To confirm the relationship between occupancy and CO2, 
Figure 13 compares three high-occupancy spaces of different 
sizes: A0.06 (large), A0.03 (medium) and A2.02 (small). The 
highest CO2 levels consistently occur in the smallest space. A 
first observation is that the time percentage in lower CO2 cate-
gories decreases as size decreases. CO2 < 1000 ppm shows this 
size-dependent progression: 97% > 96% > 92% (September), 
90% > 87% > 81% (October), 89% > 88% > 79% (November), 
91% > 87% > 80% (December), and 96% > 94% > 91% (January). 
This indicates that smaller spaces reach higher CO2 levels more 
quickly when densely occupied.

A second observation concerns environmental health perfor-
mance. As size decreases, IAQ conditions worsen, reflecting 

a progressive increase in CO2 > 1500 ppm during the busiest 
months (periods of highest teaching activity and therefore highest 
occupancy): 3% < 5% < 7% (October), 4% < 7% < 9% (November), 
and 3% < 6% < 8% (December). These results ensure acceptable 
IAQ levels: CO2 > 1500 ppm always remains below 9%; moreover, 
CO2 < 1000 ppm remains for approximately 90% of the time in 
large spaces, 87% in medium spaces, and 80% in small spaces.

3.2.2 | Building B

To validate the trends observed in Building A, the IAQ study 
continues with building B by analyzing the size–occupancy 
ratio. Figure 14 shows results obtained for the largest spaces 
(B1.06 and B2.02). Both maintain very good IAQ levels: 
CO2 < 1000 ppm for over 95% of the time (slightly lower, ~90%, 
in November). B1.06 (low occupancy) consistently outperforms 
B2.02 (moderate occupancy) in terms of CO2 < 1000 ppm: 
October (97% vs. 96%), November (93% vs. 91%), and December 
(96% vs. 95%); including B2.02 also shows a higher occurrence 
of CO2 > 1500 ppm (1% in October, 3% in November, and 2% 
in December). Figures 16 and 17 reinforce these trends, which 
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(a) Floors 1 and 2 (C1.04) – Range D

(b) Floor 0 (C0.02) – Range E

FIGURE 20   |   Building C: large size with high occupancy.

(a) Building A. Canteen (medium size)

(b) Building C. Canteen (large size)

(c) Building C. Library (large size)
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FIGURE 21   |   Variable occupancy
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become more pronounced depending on the specific size–oc-
cupancy combination. Thus, B1.04 (medium size and moderate 
occupancy) shows better IAQ than B1.10 (large size and high 
occupancy) for CO2 < 1000 ppm between 3% and 5%: 96% ver-
sus 91% (October), 84% versus 81% (November), 94% versus 89% 
(December), and 98% versus 94% (January). These improve-
ments are even clearer for CO2 < 800 ppm between 4% and 10%: 
85% versus 81% (October), 71% versus 61% (November), 84% 
versus 75% (December), and 94% versus 90% (January). These 
trends intensify during months with more teaching activity and 
therefore higher occupancy. Since Building B hosts first-year 
courses with high attendance, occupancy peaks in November 
(followed by October and December) translate into a triangular 
CO2 pattern (in red).

These trends become even clearer when analyzing a small and 
high-occupancy computer lab (B2.07). As shown in Figure 17, 
except for January (with no practical sessions, CO2 < 800 ppm 
100% of time), this lab shows high CO2 concentrations both 
CO2 > 1000 ppm (15% in September and October, 27% in 
November, and 25% in December) and CO2 > 1500 ppm (5% in 
September, 7% in October, and 9% in November and December). 
These data are ascribed to the specific usage characteristics of 
a computer lab: practical teamwork sessions and collaborative 
tasks, with interactions (talking, moving, and sharing resources) 
between students and teachers, which continuously produces 
exhaled air that increases CO2 concentration.

3.2.3 | Building C

The IAQ study concludes with Building C, performing an 
analysis according to size, from small (with low occupancy) to 
medium (with moderate occupancy) and large (with high occu-
pancy). Beginning with small-size spaces (C2.14–C2.19), with-
out fixed schedule (they require prior reservation), implying low 
and variable occupancy. As shown in Figure 18, this feature 
yields very good IAQ levels with CO2 < 1000 ppm above 94% 
of the time. CO2 levels slightly rise above 1000 ppm in months 
with more teaching activity: 3% (October), 4% (November), 6% 
(December), and 2% (January).

Following with medium-size spaces (and moderate occu-
pancy), orientation and weather become relevant. Figure 19 
compares C2.10 (south-facing) and C2.05 (north-facing). In 
both cases CO2 > 1000 ppm progressively increases as outdoor 
temperatures decrease from September to December. IAQ 
levels improve in January (CO2 < 1000 ppm above 90% of the 
time) owing to Christmas holidays and exam periods, when 
occupancy becomes more variable. Figure 19 also shows how 
CO2 > 1000 ppm worsens between 3% and 4% in north-fac-
ing versus south-facing spaces: 5% versus 2% (September), 
9% versus 5% (October), 11% versus 7% (November), and 13% 

versus 10% (December). This trend is understandable because 
south-facing spaces have higher solar gains, which lead to the 
opening of windows, thus reducing CO2 levels. Windows typ-
ically remain closed in north-facing spaces to preserve ther-
mal comfort, increasing CO2 > 1500 ppm between 1% and 2% 
comparing C2.05 versus C2.10: 1% versus 0% (September), 3% 
versus 2% (October), 4% versus 3% (November), and 5% versus 
3% (December).

Figure 20 highlights similar trends in large-size spaces (with 
high-occupancy). Again, CO2 > 1000 ppm progressively in-
creases from September to December due to colder weather and 
the temperature drop. Furthermore, the comparison among 
floors shows a clear gradient. Figure 20 highlights how Floor 
0 (colder than Floors 1 and 2) shows higher CO2 levels because 
windows remain closed more often. Comparing C1.04 (Floors 
1 and 2) versus C0.02 (Floor 0) CO2 > 1000 ppm decreases be-
tween 4% and 6%: 14% versus 10% (September), 19% versus 13% 
(October), 22% versus 17% (November), and 27% versus 21% 
(December).

To complete the IAQ study, we examine variable-occupancy spaces. 
Figure 21a,b shows the campus canteens, which are both large 
and generally well-ventilated. Although briefly crowded during 
meal hours (14–15 h), average CO2 > 1000 ppm remains below 
10%. This demonstrates that, under variable occupancy, the size 
factor does not significantly influence IAQ. Comparing the medi-
um-size canteen (Building A) with the large-size one (Building C), 
CO2 > 1000 ppm decreases by 3%: 6% versus 3% (November), 9% 
versus 6% (December), and 10% versus 7% (January). Figure 21c 
shows the campus library, a large and well-ventilated space with 
inherently low CO2 levels because occupants are mostly studying 
quietly with minimal exhaled CO2. In September and October, as 
students have not yet fully occupied the library, CO2 < 800 ppm re-
mains 100% of the time. As occupancy increases during the exam 
periods, CO2 > 1000 ppm rises proportionally: 3% (November), 6% 
(December), and 7% (January). Nonetheless, all the measurements 
comply with IAQ norms.

Finally, to support all these experimental results with formal hy-
pothesis testing, this paper includes two nonparametric analy-
ses: Mann–Whitney U  test, for two-sided pairwise comparisons; 
and Kruskal–Wallis test, for comparisons involving more than 
two spaces. Table 11 shows the p  value of these tests over all the 
CO2 study (Figures 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, and 21), 
focusing on the critical CO2 bands: 1000–1500 ppm (orange); and 
> 1500 ppm (red). Across all the results, p  values are nonsignifi-
cant: This means that data interpretation is statistically consistent 
within its CO2 behavior. Only two p  values (shaded in blue) are 
high: for > 1500 ppm, in Figures 19 and 20, related to north–south 
orientation and comparison among floors. This may be attributed 
to the variability of human behavior, suggesting the interest for 
further characterization of the window opening and closing.

TABLE 11   |   Statistic p value for each CO2 analysis from Mann–Whitney U  test and Kruskal–Wallis tests.

Figures 10 11 12 13 14 15 16 17 18 19 20

1000–1500 0.144 0.144 0.008 4 ⋅ 10−18 0.045 6 ⋅ 10−7 6 ⋅ 10−7 2 ⋅ 10−8 0.002 0.260 3 ⋅ 10−16

> 1500 0.049 0.049 0.153 9 ⋅ 10−13 3 ⋅ 10−10 0.010 0.010 1 ⋅ 10−6 0.525 0.472 4 ⋅ 10−13
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As summarized contribution from all these real measurements 
and trends, Table 12 advances several data-driven strategies as in-
tervention proposal for new CO2-based deployments. This consti-
tutes several examples of decision-making under real conditions as 
preliminary step for automated algorithms and predictive models.

3.3 | Analysis of CO2 Evolution

To complement the IAQ study, this section analyses CO2 evo-
lution, both day-by-day and hour-by-hour, to understand 
how CO2 behaves in relation to the types of days, patterns 
of space use, ventilation strategies, and human behavior. 
Figure 22 shows day-by-day CO2 evolution in a standard space 
(medium size and moderate occupancy) for 3 months (hor-
izontal axis): November, December, and January. Each col-
ored point represents the daily maximum CO2 concentration 
(CO2max

): green (CO2max
< 1000 ppm), yellow (1000–1500 ppm), 

and red (CO2max
> 1500 ppm). The goal of this representation is 

not to analyze daily values in detail, but rather to understand 
their evolution across weeks. Figure 22 provides the following 
insights:

•	Weekend identification.: The last two points of every week 
are always green because the building is closed (Saturday 
and Sunday), and CO2max

remains below 1000 ppm. This has 
two interesting implications:
–	 It confirms that minimum values correspond to the ref-

erence baseline of the CO2 monitors (around 420 ppm): 
if these values do not correspond to their reference base-
line, they would require calibration.

–	 It marks the start and end of each week, helping inter-
pret weekly IAQ cycles through CO2 levels.

TABLE 12   |   Intervention proposals from measurements obtained 
under real conditions.

Current operations Data-driven strategies

For each degree or master 
programs, a same class 
group teaches all its subjects 
in the same classroom of a 
building

From enrollment data for 
each subject, assign the 
most suitable classroom 

(preferably in a same 
building) according to 

studied factors: orientation, 
location, and size

Natural ventilation is not 
programmed: window 
opening/closing depends on 
human behavior.

From north/south–facing 
spaces as regarding seasonal 

weather (as Building C 
shows), assign highest 
occupancy subjects to 

best orientation classroom 
with lowest CO2 levels

IoT ecosystem collects CO2 
measurements in real-time 
but analysis is done every 6 
months at the end of each 
seasonal semester (autumn–
winter and spring–summer)

From real-time CO2 
measurements, perform 

a weekly analysis (as next 
section details). Use this 

day-pattern guide for 
CO2-based ventilation for 

each day of next week
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•	 Detection of non-working days and holidays: Green points 
on nonweekend days indicate building closure:

–	 December, Week 1 (Days 1, 2, and 4), corresponds to Spain's 
national holidays, namely Constitution Day (December 6) 
and the Immaculate Conception (December 8).

–	 December (Week 4) and January (Week 1) correspond to the 
Christmas break.

–	 These results suggest that IoT monitoring can detect un-
planned presence or absence in closed buildings.

•	 General IAQ performance: Most CO2max
 values remain 

below 1000 ppm (~70%) and 1500 ppm (~90%), with only oc-
casional excursions (red dots). This provides a global view 
of IAQ performance and illustrates how IoT monitoring en-
ables data-driven decisions by detecting critical high-CO2 
situations.

These day-by-day insights lead to move toward a detailed 
hour-by-hour analysis to understand how CO2 evolves in 
relation to class scheduling, occupancy cycles, breaks be-
tween classes, natural ventilation events, and the variability 
of human behavior in these environments. For this, Table 13 
summarizes a set of five school days, as representative class 
scheduling periods. Timeslots in yellow are morning and 
afternoon classes (with midday multipurpose periods), and 
timeslots in grey are reserved hours (for tutoring, teamwork, 
etc.). Figure 23 shows the hour-by-hour CO2 evolution (ppm 
on the vertical axis) for these 5 days. The upper horizontal 
axis adds (in yellow) shows the class scheduling (with the 
start and end times), and the lower horizontal axis delimits 
each day, marked (with dotted lines) by 6-h intervals: 06, 12, 
18, and 24 h.

Figure 21 highlights the following findings:

(ppm)
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FIGURE 22   |   Day-by-day CO2 evolution.
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FIGURE 23   |   Hour-by-hour CO2 evolution.
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•	 Alignment between CO2 evolution and class schedul-
ing: Periods where CO2 rises and falls (shaded in yellow) 
closely correspond to the start and end of classes. This 
further confirms the direct relationship between CO2 
concentration and occupancy. Additionally, CO2 mea-
surements show that reserved hours (shaded in grey) were 
not actually occupied (Days 2 and 5 between 13 and 14 h), 
demonstrating that CO2 may be used to detect human be-
havioral variability.

•	 Air-change dynamics between class periods: The CO2 evo-
lution between classes indicates the air changes per hour 
(ACH) indicator. ACH is a quantitative measure of how 
many times per hour the air is replaced and, consequently, 
this guarantees the IAQ levels. Under well-mixed ventila-
tion, the amount of air changed would be upper to: 60% after 
1 ACH, 80% after 2 ACH, and 95% after 3 ACH. Monitored 
CO2 follows these ACH patterns as two examples (shaded in 
blue) show:

-	 Day 3: CO2 enhances from 1100 to 550 ppm between 11 and 
12 h (around 80% reduction after 1 ACH).

-	 Day 3: CO2 enhances from 850 to 450 ppm between 14 and 
15 h (around 60% reduction after 1 ACH).

-	 CO2 decay during short breaks between consecutive classes 
also reflects ACH behavior (red vertical lines):

-	 Day 2: 850 to 600 ppm with 1 ACH at 17 h in the class change 
between 15–17 h and 17–19 h.

-	 Day 3: 1000 to 750 ppm with 1 ACH at 10 h in the intermedi-
ate class break between 09 and 11 h.

•	 CO2 decay outside class hours. CO2 evolution during 
longer unoccupied periods quantifies CO2 decay rates, 
which tend toward baseline values (around 420 ppm). 
Figure 21 illustrates these decay patterns to baseline: 
from 1150 ppm in 12 h (Day 1), from 900 ppm in 6 h (Day 
2), from 800 ppm in 9 h (Day 3), from 600 ppm in 5 h (Day 
4), and from 500 ppm in 2 h (Day 5). These results show 
a nonlinear decay behavior, suggesting the interest for 
further quantitative characterization (e.g., logarithmic 
decay slope) as an initial step toward more detailed ACH 
modeling.

4 | Conclusions: Further Research

This paper presents a real-time monitoring IoT ecosystem for 
managing indoor CO2 concentrations to improve IAQ conditions 
across a smart university campus. The results contribute to a CO2 
characterization that supports data-driven decision-making from 
real measurements. This methodological framework bridges 
the gap between simulated and real operating conditions, pro-
viding replicable procedures and a practical and context-aware 
approach suitable for heterogeneous educational buildings and 
extrapolated to tertiary buildings.

First contribution of this paper is a comprehensive method-
ology of systematic procedures for deploying a real-time IoT 

monitoring ecosystem. This methodology proposes three se-
quential stages for CO2 monitors:

•	 Selection: This paper selects two CO2 monitors (Milesight 
AM307 and Aranet4 Pro) by comparing their key criteria for 
portability, autonomy, and connectivity. This allows their 
relocation in new deployments.

•	 Placement: Following the criterion of highest CO2 levels, 
this paper chooses the locations near the teaching area (P1 
or P2) with an extrapolation procedure to other typologies 
based on space layout and key use areas.

•	 Calibration: With a criterion of 90% compliance, this paper 
sets calibration thresholds of +65 ppm (upper) and −55 ppm 
(lower). It also proposes a periodic check procedure based on 
minimum CO2 values (reference baseline around 420 ppm) 
measured during nonworking hours (from 21 to 08 h) and 
nonworking days.

The challenges addressed in each stage enable to replicate this 
methodology in tertiary buildings to select, install, and calibrate 
CO2 monitors. To guide practitioners in new deployments, these 
stages would be:

•	 Select the key features from criteria comparison (see Table 
2) to choose the most suitable CO2 monitors.

•	 Identify strategic placements (as P1 and P2) with potentially 
highest CO2 levels to locate CO2 monitors.

•	 Calibrate CO2 monitors and check their measures during 
nonworking periods as recalibration procedure.

From this methodology, this paper proposes three types of ap-
proaches to support informed decision-making under real con-
ditions: a campus-wide monitoring map, an IAQ study, and an 
analysis of CO2 evolution. Firstly, this paper contributes with a 
monitoring map as classification procedure with three key points:

•	 A priori decisions: Beyond an architectural criterion, spaces 
can be classified by their contextual factors. The classifica-
tion procedure groups spaces from their key features: ori-
entation (north, south, east, and west), building (A, B, and 
C), floor (0, 1, and 2), size (large, medium, and small), and 
occupancy (high, moderate, and low). This procedure jus-
tifies the n ≪ N strategy with statistical significance. Once 
all potentially locations (N) can be grouped in a set of rep-
resentative spaces (n), the IAQ study can be sustainable and 
cost-effective. In this work, with CO2 monitors costing be-
tween €150 and €250 (see Table 2), reducing from N = 71 to 
n = 15 means an average saving of €12,000 along with more 
efficient seasonal maintenance, operational and upgrade 
costs.

•	 Comprehensive view: This map provides a large-scale initial 
overview of the IAQ levels across all spaces, verifying if CO2 
levels fulfill international recommendations and detecting 
potential critical situations. Therefore, this offers a method 
to explicitly integrate into the IAQ study their contextual 
factors (schedules, usage patterns, seasonal fluctuations, 
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etc.) and to subsequently advance toward cross-related 
analysis.

•	 Long-term strategies: The set of representative spaces can 
be replaced to other space of the same range each season or 
academic course. This enables sensitivity analyses of IAQ 
study remaining its cost-effectiveness.

From the monitoring map, the measurements from the IAQ 
study within the CO2 evolution analysis provide two comple-
mentary approaches. The first relates to occupancy-driven fac-
tors. Although occupancy may seem quasi-static (around class 
timetables), it is dynamic and closely tied to human behavior: 
opening and closing of windows and doors, exhalation vari-
ability depending on activity levels, and informal or unsched-
uled use of spaces. The second approach relates to architectural 
characteristics. Despite their static appearance, show dynamic 
effects through their interaction with external climate, thermal 
inertia, and HVAC operation. These interactions condition how 
each building behaves over time and how human dynamics 
manifest across spatial configurations. The combination of both 
dimensions (occupancy and architecture) highlights that IAQ 
behavior is inherently complex. As summarized contribution 
from the following key findings, this paper advances several da-
ta-driven strategies as intervention proposals for new CO2-based 
deployments, such as:

•	 Select the most suitable classroom for each subject accord-
ing to key factors (orientation, location, and size).

•	 Assign highest occupancy subjects to best orientation 
spaces (north/south–facing) with lowest CO2 levels.

•	 Perform weekly analysis to obtain day-pattern guides for 
CO2-based ventilation in the following weeks.

These examples of decision-making under real conditions con-
stitute as preliminary step for further algorithms and models 
toward efficient management of IAQ and HVAC. As quantita-
tive estimation, these intervention proposals result in an average 
saving of around €500 in 1 month in one building [21]. This esti-
mated saving, extrapolated to every month during the study pe-
riod of the three buildings, would be around €7500. Replicating 
these data-driven strategies to tertiary building is very indica-
tive of their economic impact. Furthermore, as the following 
insights show, an efficient CO2-based ventilation could enhance 
IAQ between 3% and 10% regarding occupancy patterns and 
space sizes, and between 4% and 13% regarding orientation and 
location.

From the obtained results, the key findings highlight how in-
door CO2 behavior under real conditions combines influence of 
occupancy patterns, space size, and contextual factors, with the 
following insights:

•	 Occupancy and size. Higher CO2 levels correlate strongly 
with increases in occupancy and the duration of such oc-
cupancy, making these variables the most influential con-
tributors across the monitored spaces. With low occupancy, 
CO2 remains below 1000 ppm for more than 95% of time, 
whereas in moderate-occupancy spaces this percentage 
decreases by 1%–5%. With high occupancy, this percentage 

decreases progressively with size, averaging 90% in large 
spaces, 87% in medium spaces and 80% in small spaces. 
These results show how the interaction between size and 
occupancy intensity shapes CO₂ accumulation patterns.

•	 Size, occupancy and CO2 evolution: Larger spaces (or 
small spaces with low and variable occupancy) remain 
CO2 < 1000 ppm for more than 95% of the time, with im-
provements of 1%–2% when occupancy is low rather than 
moderate. Comparing medium-size spaces with mod-
erate occupancy to large spaces with high occupancy, 
IAQ improves between 4%–10% (for CO2 < 800 ppm) and 
3%–5% (for CO2 < 1000 ppm). These patterns intensify 
during months with greater teaching activity (particularly 
November, followed by October and December) producing 
a characteristic triangular pattern. In small and high-oc-
cupancy spaces (labs), this effect is even more pronounced 
with CO2 > 1000 ppm for 15%–27% of monitored time, and 
CO2 > 1500 ppm for 5%–9%, following human factor of in-
teractions for team-based practical sessions.

•	 Contextual factors: CO2 behavior is dynamic and con-
text-dependent: architectural features interact with climatic 
conditions, HVAC operation and human behavior, produc-
ing patterns that evolve over time. Before studying specific 
trends, it is key to consider how these elements combine to 
affect natural ventilation, modulate thermal comfort, and 
determine how CO2 varies in different spaces regarding 
three aspects.

-	 A first aspect concerns orientation and climatic conditions: 
In medium-size spaces with moderate occupancy, CO2 
concentrations rise progressively as outdoor temperatures 
fall, largely because occupants do not open windows or 
doors during colder months. This behavior leads to sea-
sonal patterns: comparing north- and south-facing spaces, 
CO2 > 1000 ppm consistently decreases in south-fac-
ing spaces: from 5% to 2% (September), from 9% to 5% 
(October), from 11% to 7% (November), and from 13% to 10% 
(December). South-facing spaces benefit from high solar 
exposure, which encourages natural ventilation, whereas 
north-facing spaces tend to keep windows closed for ther-
mal comfort, increasing CO2 > 1500 ppm by 1%–2%.

-	 A second aspect relates to location: Under the same condi-
tions (large size and high-occupancy), CO2 > 1000 ppm on 
the Floor 0 (typically colder and less prone to natural ven-
tilation) increases by 4%–6% compared with upper floors. 
This due reinforces the orientation and location as key con-
textual factors.

-	 Finally, spaces with variable occupancy reveal the stron-
gest expression of human dynamics. Continuous entries 
and exits, frequent door opening and inconsistent window 
use create fluctuating ventilation patterns. In large and 
well-ventilated canteens, size itself does not significantly 
condition IAQ; however, CO2 > 1000 ppm in a medium-size 
canteen (Building A) increases by 3% compared with a 
larger one (Building C). In the library (a large and quiet en-
vironment) the relationship becomes even clearer: CO2 lev-
els remain low, with CO2 > 1000 ppm around 10%, as most 
occupants are studying silently, producing minimal exhala-
tion and allowing ventilation to remain effective.
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From these insights, CO2 dynamics have been analyzed from 
two complementary perspectives:

•	 At the day-by-day scale, the analysis provides an overarch-
ing view of how CO2 evolves throughout the week, helping 
to identify structural patterns in IAQ behavior. Daily maxi-
mum CO2 values make it possible to calibrate the reference 
baseline (around 420 ppm), mark the beginning and end of 
each week (five school days followed by two weekend days), 
and detect nonworking days or holiday periods. This tem-
poral overview offers an initial, data-driven interpretation 
of IAQ patterns and detects critical high-CO2 situations. 
Therefore, this day-scale perspective offers a valuable tool 
for anticipating ventilation needs and planning preventive 
IAQ actions at the building-management level.

•	 At the hour-by-hour scale, CO2 evolution shows fine-tun-
ing dynamics associated with class schedules, occupancy 
cycles and breaks between sessions. Obtained results in 
a set of five school days can estimate ACH during class 
transitions for 1 h (CO2 decreases in Day 3 from 1100 to 
550 ppm between 11 h and 12 h, and from 850 to 450 ppm 
between 14 h and 15 h). During shorter breaks between 
consecutive classes (when doors and windows are briefly 
open), CO2 decays from 850 to 600 ppm (1 ACH on Day 2), 
and from 1000 to 750 ppm (1 ACH on Day 3). After the end 
of classes, CO2 evolution enables quantification of decay 
rates, showing a nonlinear trend that could be parame-
terized quantitatively in future research. This hour-scale 
perspective provides operational insight into how quickly 
spaces recover ventilation effectiveness, informing deci-
sions related to class scheduling, window-opening proto-
cols, and HVAC adjustments.

In summary, all these contributions move toward understanding 
IAQ in its dynamic complexity under real conditions in large-scale 
infrastructures. Through a real-time monitoring IoT ecosystem, 
this paper proposes methodological procedures through cam-
pus-wide deployments to multifaceted parameterize CO2 behavior 
by its dynamic components: variability of occupancy, architectural 
context, temporal evolution, unpredictability of human activity, 
among other context factors. As a result, these experimental in-
sights can be extrapolated to multiple context-aware approaches 
for IAQ management and planning in tertiary buildings.

Nomenclature
ACH		    air changes per hour
BPG		    building performance gap
HVAC		    heating, ventilation, and air conditioning
IAQ		    indoor air quality
IEQ		    indoor environmental quality
IoT		    Internet of Things
LoRaWAN	   low-range wide-area network
LP-WAN		   low-power wide-area network
NDIR		    nondispersive infrared
PM		    particulate matters
SBE		    Smart Built Environment
VOC		    volatile organic compounds
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