
Article Not peer-reviewed version

Two-to-One Trigger Mechanism for

Event-Based Environmental Sensing

Nursultan Daupayev * , Christian Engel , Soeren Hirsch

Posted Date: 21 May 2025

doi: 10.20944/preprints202505.1706.v1

Keywords: structural health monitoring; multivariate sensors; event-driven activation; data reduction; energy

efficiency

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4353427
https://sciprofiles.com/profile/4476035
https://sciprofiles.com/profile/1537049


Article

Two-to-One Trigger Mechanism for Event-Based
Environmental Sensing
Nursultan Daupayev *, Christian Engel and Sören Hirsch

Brandenburg University of Applied Science, Department of Engineering, Magdeburger Str. 50, 14770 Brandenburg/Havel, Germany
* Correspondence: nursultan.daupayev@th-brandenburg.de

Abstract: Environmental monitoring systems often operate continuously, measuring various parame-
ters, including carbon dioxide levels (CO2), relative humidity (RH), temperature (T), and other factors
that affect environmental conditions. Such systems are often referred to as smart systems because
they can autonomously monitor and respond to environmental conditions and can be integrated both
indoors and outdoors to detect, for example, structural anomalies. However, these systems typically
have high energy consumption, data overload, and large equipment sizes, which makes them difficult
to install in constrained spaces. Therefore, three challenges remain unresolved: efficient energy use,
accurate data measurement, and compact installation. In this study, we propose a 2-to-1 threshold
sampling approach, where the CO2 measurement is activated when the specified T and RH change
thresholds are exceeded. The proposed approach was implemented on a low-power, small-form and
self-made multivariate sensor based on the PIC16LF19156 microcontroller. In contrast, a commercial
monitoring system and sensor modules based on the Arduino Uno were used for comparison. As a
result, by activating only key points in the T and RH signals, the number of CO2 measurements was
significantly reduced without loss of essential signal characteristics. Signal reconstruction from the
reduced points showed acceptable accuracy, as confirmed by the results of calculating Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE).

Keywords: structural health monitoring; multivariate sensors; event-driven activation; data reduction;
energy efficiency

1. Introduction
There is a growing interest in the analysis of the environment and its impact on the condition of

building structures. The interest is due to the fact that environmental factors have a direct impact on the
condition of structures and the service life of materials. Parameters such as temperature (T), humidity
(RH), and carbon dioxide (CO2) are recognized as key properties for assessing the impact on material
degradation processes and the general condition of building structures [1,2]. Understanding the role
of each of these parameters helps to assess their influence on structural behavior and interaction
with the environment. T and RH indicate the thermodynamic characteristics of the environment,
reflecting the distribution of heat and steam exchange, and CO2 is a key indicator of air quality or
gas accumulation in buildings, since its constant concentration can affect the pattern of the so-called
carbonation of concrete (in case the building is made of concrete structures) [3,4]. Therefore, all
these parameters are considered together, since their behavior can be interrelated. For example,
increased humidity can indicate increased dampness, insufficient ventilation, or a problem with
thermal insulation leading to mold formation. An increase in CO2 can indicate occupancy or poor
ventilation in the room, and a decrease in temperature can indicate a loss of structural integrity
or a sign of poor heating system performance [5,6]. To collect and interpret such environmental
indicators, appropriate sensor technologies are required. Sensor technologies are one of the key
tools for implementing SHM, offering a variety of solutions for monitoring the condition of bridges,
tunnels, and other critical infrastructure facilities [8,9]. A key element of these technologies is the
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continuous monitoring of environmental conditions such as deformation, temperature, vibration,
and gas concentration, allowing for early analysis of potential signs of material degradation, indoor
gas accumulation, or ventilation failure [10,11]. Sensor systems that measure these three parameters
simultaneously typically require a continuous power source. In particular, CO2 measurements require
longer measurement times, since accuracy depends on a short calibration period [7]. In contrast,
temperature and humidity sensors typically offer faster response times and are often considered to
be basic parameters in monitoring systems [13]. Therefore, stable and continuous measurement of
all these parameters becomes particularly important in the context of structural health monitoring,
where long-term environmental trends need to be accurately monitored to identify potential risks to
structures [14]. Another important issue is the efficient processing of sensor data, beyond measurement
accuracy. To ensure the reliability of such sensor systems, not only the detection mechanism but also
data management is of critical importance. Evenly distributed use of memory for storing sensor data
is critical, as memory overflow can lead to poor performance and, in some cases, hardware failure [15].
Additionally, the simultaneous processing of large amounts of data increases the computational load,
resulting in higher power consumption, which is especially critical in low-power or embedded sensor
systems [33]. Moreover, data reduction in real-time measurements is another crucial issue in sensors
with limited hardware resources, since acquiring data, analyzing it quickly, and storing important
points at the same time requires significant computational effort. In this regard, several studies
have applied data compression techniques that involve data collection, filtering, signal sampling,
and removal of unimportant signals [19]. All of these challenges are largely due to the inefficiency
of traditional sensor systems. Traditional sensor systems operate on a fixed time base, where all
parameters are measured at fixed intervals, regardless of whether a specific event has occurred in the
environment or not. Although such a process ensures the integrity of the measured data, it results
in unnecessary measurements, increased storage space, and depletion of the power supply (e.g.,
batteries). Many studies rely on cloud-based systems, where the hardware of the sensor system is
processed and the data is stored in the cloud [17,18], but this is difficult to implement in the context
of low-power sensors. To optimize data storage, a data reduction method has been proposed [20].
Machine Learning methods have also been proposed, but they require high computing power to train
and execute on big data. In this context, recent studies have also shown the ability to reduce power
consumption in sensor network systems by activating a master sensor, the so-called agent, which gives
the activation command to other sensors [21]. However, even the passive state of sensors leads to
constant energy consumption, especially if the sensor includes several parameters such as humidity,
CO2, gas, and temperature. To address this issue, we propose a method aimed at reducing unnecessary
dimensions by implementing an adaptive sampling strategy. Specifically, we propose a method that
uses temperature and humidity to selectively activate the CO2 parameter. The objective is to avoid
constant response to the environment and trigger a measurement only when either parameter changes
above a predefined threshold. First, this approach reduces the frequency of temperature and humidity
measurements based on the threshold, resulting in energy savings. Second, it is particularly suitable
for resource-constrained sensors. The method was implemented as an algorithm and integrated it into
our custom multivariate sensor. Unlike many existing methods, this approach eliminates the need
for machine learning, which is often impractical in conditions of limited hardware resources. The
results show that a significant reduction in humidity measurements can be achieved without losing
critical information. This contributes not only to data efficiency but also to extending the lifetime of
battery-powered sensor devices. Three different sensor were used in this study, which are referred to
below as follows: Sensor 1 – a commercial Loxone monitoring system; Sensor 2 – a custom-designed
module based on a PIC16LF19156 microcontroller; Sensor 3 – an Arduino Uno-based platform with
DHT22, DS18B20 and MQ-135 sensors.
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2. Materials and Methods
This section describes the experimental materials, sensor types, the proposed approach, and the

evaluation of the methods. First, existing data optimization methods are assessed. Then, the three
sensor type (Sensor 1, Sensor 2, and Sensor 3) are described in detail, focusing on their configurations
and data acquisition procedures. Then, the selected environmental conditions and sensor installation
locations are described. Next, the logic of the proposed approach as an event based measurement
method is presented, as well as the rationale for activating CO2 sampling based on humidity (RH) and
temperature (T) thresholds. Finally, the data processing and signal reconstruction evaluation strategy
is explained, including the mean absolute error (MAE) metric.

2.1. Baseline Methods for Data Reduction

Before starting the experiments, existing time series simplification methods were reviewed and
tested to create a performance baseline, which allowed us to subsequently evaluate what reduction
could be achieved using our method. The performance of each method was assessed by comparing the
reduced and original signals (R) using the mean absolute error (MAE) as a measure of reconstruction
accuracy, with the results shown in Table 1. For example, when applying the Ramer–Douglas–Peucker
(RDP) [32] algorithm to our collected data of approximately 3,000 data points, only 960 points were
retained after simplification, resulting in a reduction of approximately 68%.

R =

(
1 − Nreduced

Noriginal

)
× 100% = 68%. (1)

where Noriginal is the total number of data points before reduction and Nreduced is the number of data
points after the reduction method. To assess the accuracy of the reconstruction, we interpolated the
reduced signal back to the original time axis and calculated the mean absolute error (MAE) between
the original and reconstructed signals.

MAERDP =
1
n

n

∑
i=1

|xi − x̂i| = 0.0091 (2)

where xi is the original value and x̂i is the reconstructed value at index i and n is the total number
of observations. Using this metric, each method in the table was applied to the same set of sensor
data. According to our observations, those with higher MAE and lower data reduction rates were not
included in the table. As a result, this review allowed us to determine how each approach can recover
from reduction or whether it is possible to use it as a hybrid with our approach, especially in the context
of low-power sensors. For example, principal component analysis (PCA) can be used as a complement
to reduce the dimensionality of data in memory, thereby increasing storage capacity [31]. In general,
combining several methods with our proposed approach may be the next step in implementation,
especially when developing on more powerful microcontrollers (for example PIC16LF19186 [30]).
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Table 1. Data Reduction Methods.

Method Description Reduced MAE

RDP [12] Keeps only the key points that form the
waveform.

68% 0.0091

PAA [22] Reduces the signal dimension by dividing
it into segments of equal length.

62% 0.0103

vSAX [23] Converts PAA values to discrete
characters.

65% 0.0125

Wavelet Tr. [25] Decomposes a signal into components and
removes small signal coefficients.

70% 0.0082

Kalman Filter [24] Smoothes and reduces noise 60% 0.0069
Compressive
Sensing [28]

Reconstructs signals from fewer samples. 72% 0.0073

Delta Encoding [] Reduces the redundancy of similar values 50% 0.0132
Peak-to-Peak [26] Keeps only significant peaks and valleys

of the signal.
59% 0.0108

Entropy-Based [29] Preserves those signal segments with high
information content.

64% 0.0099

Variance-Based [27] Compresses data to a value exceeding the
threshold.

61% 0.0106

2.2. Sensor Setup and Experimental Environment

The initial objective of this study was to find a suitable location to ensure proper analysis from
different locations and to place sensors to collect environmental data. For this selection, three types of
places were selected, those located away from the city (with minimal influence of urban factors such as
road vibration and noise) (see Figure 1) and rooms within buildings located inside the city, where one
room has a frequent presence of people, while the other is often empty (see Figure 2).

Figure 1. Positioning of sensors in room corners in a historic manor house from the Wilhelminian period, adapted
from Finn E. Schmid-Bonde, Fachhochschule Potsdam.

These conditions allowed us to compare different climate parameters under varying levels of
external influence. All measurements were carried out over a period of one month, with sensors placed
between two structural elements in the house and others in the corner of a wall inside the building.
This arrangement allowed us to record changes in T, H, and CO2, including increases, decreases, and
sharp fluctuations. As part of the monitoring setup, we used the commercial smart system Loxone,
which was configured to measure three parameters simultaneously: temperature, humidity, and CO2

concentration.
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Figure 2. Placement of sensors in two rooms within the same building: from left to right, the image shows the
positions of the two monitored rooms.

The next sensor, designed specifically for integration in hard-to-reach places, also measures three
parameters simultaneously (see Figure 3). This sensor is based on the PIC16LF19156, has built-in flash
memory for local data logging, and has an optional connectivity module. The connectivity components
include a digital temperature and humidity sensor and a non-dispersive infrared CO2 sensor. The
sensor was originally designed for use in industrial environments where energy-efficient operation
and modular integration are important. And the third measuring device was a simple one based on
Arduino Uno, where separate RH, T and CO2 modules were connected. All modules were connected
to a breadboard, where the code was subsequently written to measure the environment and the data
was stored in a built-in flash card module.

Figure 3. From left to right: a custom PIC16LF19156-microcontroller-based (Sensor 1), Arduino based platform
(Sensor 2) and Loxone smart system (Sensor 3).

Each sensor consists of several key components, each of which has specific parameters for
measuring the environment. The advantage of the PIC16LF19156 microcontroller is its low power
consumption, compact size and the presence of necessary peripheral modules, such as ADC, UART
and built-in EEPROM. A component based on the HS4111 was used to measure T and H, which
operates in the range of −10,◦ C to +80,◦ C with an approximate accuracy of ±0.2,◦ C for T, and
from 10% to 90% RH with an accuracy of ±1.5%, RH. To obtain a low-noise signal, a 12-bit ADC
converter was used, buffered by a 10MHz analog front end. CO2 levels were measured using an STC-
C4 sensor, which has a detection range of 400 to 5000ppm and an accuracy of ±100ppm. The module,
which stores three parameters, is equipped with a UART communication interface and is integrated
via a serial connection with a PIC16LF19156 microcontroller. A real-time clock (RTC) was included
for reliable CO2 readings. Among other parameters, the sensor included a 3-axis accelerometer
(ADXL325) with a measurement range of ±5g to detect events based on motion or vibration (this was
prepared for real integration in confined spaces or embedded equipment). The sensor also includes a
light component (SFH5711 photodiode) for day-night transition conditions. The sensor architecture
is modular, supports both analog and digital interfaces, and is equipped with a 6-channel analog
interface and I2C communication for sensor expansion. An Arduino-based data acquisition system
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was developed using several modules: DHT11 for humidity and moisture, DS18B20 for temperature
measurement, and MQ-135 as a gas sensor capable of detecting CO2. As for the Arduino Uno platform,
three sensor modules were used: a DHT22-based humidity sensor, a 4-digit temperature sensor, and
an MQ-135 gas sensor for CO2. The humidity sensor operates in the range of 20–60%RH with an
approximate accuracy of 5% and a response time of 5–10 seconds under stable airflow conditions.
The DS18B20 is a 1-Wire digital temperature sensor that operates from −15,◦ C to +50,◦ C with a
typical accuracy of ±0.5,◦ C over the range of −10,◦ C to +55,◦ C. The MQ-135 sensor was used to
monitor CO2 indirectly through its chemical sensitivity to several gases (e.g. NH3, alcohol and CO2).
All modules were connected via a breadboard to an Arduino Uno, and data were collected via a
serial line monitoring in real time. And for Loxone, the sensor operates in the temperature range
from –20 °C to +55 °C and can resist relative humidity up to 95%. The connection is established via
the Loxone Tree interface, which allows for direct integration with the Loxone Miniserver or Tree
Extension module. The sensor is also capable of detecting temperatures in the range from –40 °C to
+120 °C with an accuracy of ±0.5 °C, and relative humidity from 0% to 100% r.H. with an accuracy of
±2% (without condensation). For CO2 monitoring, the sensor operates in the range with a detection
range of 400–10,000 ppm and an accuracy of ±(30 ppm + 3%).

2.3. Data Acquisition

In the data acquisition stage, data collection was performed in parallel using three sensors,
each programmed to measure all three parameters — temperature, humidity, and CO2 at intervals
ranging from 1 to 15 minutes. The observation period lasted for one month (Sensor 1 and Sensor 3:
March; Sensor 2: April), enabling the recording of a complete time profile of environmental parameter
changes. For example, in Sensor 3, data were saved to memory (SD card), while in Sensor 2, data were
transmitted directly via USB. In Sensor 1, data were written to the internal memory of the controller.
All collected values were subsequently visualized, allowing for an analysis of the relationships between
the parameters. To provide a clearer understanding of how the measurements were obtained and
structured, the data collection process is described in more detail below. As for Sensor 1, the data were
automatically exported in CSV format, and owing to its accuracy and stability, Sensor 1’s data did not
require additional pre-processing before time-series analysis (see Figure 4).

Figure 4. Environmental data recorded by Sensor 1 during March.

As for the Sensor 3, the data collection program was written using the Arduino IDE with libraries
such as DHT.h, OneWire.h, and MQ135.h to communicate with the sensors. Data readings were
collected every 15 minutes, and saved to the SD card, where it was later stored in CSV format. It is
worth noting here that the data was also slightly processed using Python, which included libraries
such as pandas, numpy, and matplotlib for pre-processing and visualization (see Figure 5).
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Figure 5. Environmental data recorded by Sensor 3 during April.

Simultaneously, data were collected using a custom-designed sensor based on a PIC16LF19156
microcontroller and a program written in MPLAB X IDE using the Microchip Code Configurator
(MCC), with a particular focus on three types of sensors: a humidity sensor, a digital temperature
sensor (e.g., DS18B20), and a STCC4-based CO2 sensor. The resulting data were time-stamped and
missing values were handled using direct interpolation. Matplotlib, seaborn and scipy were used for
data analysis (see Figure 6).

Figure 6. Environmental data recorded by Sensor 2 during March.

2.4. Correlation

A critical component of the methodology involves analyzing of the relationships between the
environmental parameters. The goal is to determine whether T and RH contain enough information
about the behavior of CO2 to act as triggers, or whether T and CO2 have a better relationship to be used
as triggers for one parameter. For this purpose, a correlation analysis was applied to the parameters
using the data collected from three sensors. It is necessary to determine how consistently changes in
temperature and humidity are associated with fluctuations in the concentration of CO2, and how reliable
these two parameters can be without regularly measuring CO2. If a pronounced correlation is detected,
then the two parameters can serve as a reliable basis for predicting the behavior of the third parameter.

Based on the correlation matrix (see Figure 7), the data obtained from Sensor 2 demonstrate
a weak positive correlation between T and CO2 (r = 0.34), and between RH and CO2 (r = 0.37).
According to the data from Sensor 3, there is a strong correlation between T and CO2 (r = 0.39), while
the correlation between RH and CO2 is also positive but weaker (r = 0.24). However, T and RH are
practically unrelated to each other (r = 0.03). The dataset from Sensor 1, however, represents a positive
correlation between T and RH (r = 0.53), but CO2 is practically independent of both parameters
(r = −0.18 with T and r = 0.02 with RH). As a result, two of the sensors revealed a positive correlation
between temperature, humidity, and CO2 concentration. This allows these parameters to be used as a
basis for developing trigger logic for activating the measurements.
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Figure 7. Correlation matrix of environmental parameters (T, RH, CO2) for all three sensors

For further confirmation of the correlation analysis, a combined pairplot was constructed (see Figure
8), illustrating the distribution and interrelation of the parameters from each sensor’s dataset. This is
particularly important when constructing the trigger activation logic. The pairplot shows that temperature
and humidity in the Sensor 1 and Sensor 2 data are concentrated within a narrow range, while Sensor 3
demonstrates a more uniform distribution. CO2 in all three cases exhibits a pronounced right-hand shift,
indicating the passive presence of people in the premises. The data from the Sensor 2 and sensor 3 show a
positive trend between temperature and CO2, which is consistent with the previously obtained correlation
matrix. The data from Sensor 1, however, show less pronounced relationships between temperature and
CO2, with a chaotic scattering of points, confirming a weak correlation.

Figure 8. Pair plot used to evaluate the relationships between environmental parameters (T, RH, CO2) relevant to
trigger logic design.
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2.5. Trigger Justification

As a further step in the analysis of the influence of temperature and humidity on the CO2 levels,
a two-dimensional heat map was constructed based on the partitioning of the two parameters into
discrete intervals. The horizontal axis represents the temperature intervals, and the vertical axis
the humidity intervals. The color of each cell shows the average value of CO2 concentration for a
combination of temperature and humidity values. According to the data from Sensor 3, CO2 exceeds
1000 ppm in the region corresponding to temperatures of 21–22.5°C and humidity levels of 37–41%.
This indicates that increasing temperature and humidity are suitable triggers for CO2 measurement.
Similarly, the data from Sensor 2 a stable trend of CO2 increasing with increasing temperature (>21°C)
and humidity. In contrast, the data from Sensor 1 show a very weak correlation, though temperature
and humidity may still be used as a combined trigger for CO2 sampling.

Figure 9. Heat map of average CO2 concentration across temperature and humidity intervals.

Building on this observation, the main proposed approach, which is based on "two to one" -
involves activating one parameter (in this case CO2) based on the behavior of the other two (T, RH).
Within this pattern, two parameters are monitored simultaneously and if the change in each of them
exceeds a set threshold or a checkpoint in time is reached, then the third parameter is measured. To
formalize this concept, let define three parameters as x1(t): T at time t, x2(t): RH at time t and y(t):
CO2. θ1, θ2 be the threshold values for x1 and x2. ∆xi(t) = |xi(t)− xi(t − 1)| represent the absolute
change in parameter xi at time t. k ∈ N be a fixed control interval (e.g., every 20 time steps). The
conditional activation rule for measuring y is defined as:

Triggery(t) =

1, if (∆x1(t) > θ1 ∧ ∆x2(t) > θ2) ∨ (t mod k = 0)

0, else
(3)

where Triggery(t) = 1 means that at time step t, a new measurement of y(t) is executed.

2.6. Threshold Selection

After two parameters have been approved as trigger parameters for the activation of the third
parameter measurements, the next process is to determine the threshold values. A grid search was
used to select the thresholds, and the Precision, Recall, and the F1 Score quality metrics were computed
for each combination. Precision measures how many of the triggered events were true for CO2 peaks,
recall measures how many actual CO2 peaks were correctly detected, and the F1 score is the harmonic
mean of precision and recall, used to balance of both metrics:

Precision =
TP

TP + FP
(4)

Recall =
TP

TP + FN
(5)

F1 =
2 · Precision · Recall
Precision + Recall

(6)
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Based on the grid search described above, we systematically evaluated all relevant combinations of
temperature and humidity thresholds. The combination that achieved the highest F1 Score was selected
as the optimal trigger condition, and the following thresholds were determined: the temperature
threshold is T > 20.5◦C, and the humidity threshold is H > 31%. This threshold pair yielded the
best trade-off between precision and recall, achieving an F1 Score of 0.473, with a trigger rate of
95.4%. This means that most high CO2 events were successfully detected, although with a relatively
frequent activation rate. The selected thresholds were used throughout the trigger behavior simulation
and system implementation on the PIC-based sensor platform. The top five threshold combinations
including precision, recall, F1 score, and triggering rates are presented in Table 2. As shown, several
threshold pairs resulted in nearly identical F1 scores.

Table 2. Top 5 threshold combinations for CO2 trigger (Sensor 1).

T thresh. (°C) H thresh. (%) Precision Recall F1 Trigger %
20.5 31 0.311 0.990 0.473 95.4
20.0 31 0.310 0.996 0.473 96.3
20.5 35 0.329 0.842 0.473 76.8
20.0 35 0.328 0.847 0.473 77.3
19.5 35 0.327 0.848 0.472 77.6

To better visualize the overall performance, Figure 10 presents the heatmap of the F1 Score, which
clearly highlight areas with the best activation accuracy.

Figure 10. F1 Score Heatmap for CO2 Trigger Thresholds.

3. Results
As shown in the Figure 11, the upper part displays a sharp increase in CO2. The middle and

lower panels display the temperature and humidity signals. The dashed lines indicate the activation
thresholds (20.5°C and 31%). The black markers indicate the moments when both thresholds are
exceeded simultaneously, thereby activating the CO2 measurement. In the next graph, a more visual
representation of the reconstructed signal from the reduced data is presented.
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Figure 11. Activation of CO2 measurements based on threshold exceedance of temperature and humidity.

After triggering the CO2 measurements based on certain thresholds, the reduced data were used
to reconstruct all parameters. The resulting reconstruction is visualized in the Figure 12, demonstrating
that the main signal characteristics were preserved despite the lower sampling rate.

Figure 12. Reconstructed signals from reduced measurement points using the proposed threshold-based sampling
method.
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Returning to our original question of how much our measurement was reduced, the results in
the accompanying Table 3 show the percentage of data points retained, as well as the corresponding
reconstruction error measured in terms of MAE and RMSE.

Table 3. Overview of Signal Reduction and Reconstruction Accuracy.

Method Description Reduced (%) MAE RMSE
2 to 1 CO2 active, if T> 20.5 °C and H> 31% 41.9% 0.0089 0.0117

4. Discussion
In this study, a threshold-based activation method for reducing CO2 measurements by 2-to-1 was

proposed. The main goal of the proposed 2-to-1 method is to trigger the measurement of one parameter
only when the thresholds of two other parameters are exceeded simultaneously. It is important to note
that the trigger pair is not necessarily temperature and humidity, but can be combined depending on
environmental events. In this experiment, temperature and humidity are the trigger parameters for
CO2. To evaluate the method, three different sensors were used that measured over a two-month period
(March and April). The results showed the ability to reduce the data, but have several limitations.
First, the analysis was conducted over a two-month period, which is a very short time to fully prove
the choice of T and RH. For this, it is necessary to measure over the entire year in order to take into
account all seasonal weather conditions, as well as changes in ventilation, the absence of people in the
premises, weather variability, etc. Secondly, the use of static thresholds is limiting in the context of
adaptive CO2 activations; the optimal solution would be to use a dynamic threshold mechanism that
could adapt to all seasonal and temporal environmental events. Thirdly, it is important to note that
CO2 readings may be more effective in the summer months. Finally, setting a smaller interval (every
second) can improve the accuracy of detecting significant changes and improve the trigger response.
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