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Abstract

The rise in environmental pollution and degradation of air quality worldwide has
dragged researchers’ attention due to its direct societal impact. Studies reveal that the
indoor environment is more polluted than the outdoors. In this paper, a framework for
indoor air quality monitoring has been presented. We have developed a portable and
cost-effective air quality monitoring device. The device generates fine-grained data for
a combination of different pollutants and meteorological sensors (humidity and tem-
perature). In this work, an energy-aware Environment Monitoring Device (EMD) has
been developed with an adaptive sampling rate. Different aspects of the EMD have
been presented with an analysis of their power consumption. The proposed technique
has reduced more than 45% of energy consumption. A proposed energy reduction tech-
nique has discussed a trade-off between the cost-effectiveness of developed EMD and
its reliability. We proposed the calibration of the sensor to ensure the reliability of the
sensed data. A soft-calibration technique has been proposed considering the classrooms’
Spatio-temporal nature to ensure the sensed data’s reliability by mitigating the sensor
errors due to spatial factors and achieved ~ 6% of error reduction compared to the base-
lines. Moreover, an energy-aware calibration technique has been proposed by providing
a scheduling algorithm for re-calibration. The overall system significantly improves the
lifetime and energy consumption of the sensors compared to that of normal conditions.
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1 Introduction

The deterioration of air quality is a major challenge to humankind, especially in
urban regions. The source of most of the pollutants is fuel emission and industrial
emission. Over the past quarter-century, there has been an exponential increase
in industries. These industries have caused complex and severe problems for
the environment and the sustainability of humankind, especially in urban cities.
The indoor environments could not remain untouched from the effect of these
problems. In indoor, these pollutants are even higher than outdoor environmen-
tal pollutants. The pollutants like carbon dioxide (CO,) and suspended particu-
late matters (PM, s, PM,,) affect the indoor environment severely. A survey by
[30] discussed the different aspects of PM, s indoors as well as outdoors with
their sources and impacts. The authors also described the causal effect of PM, s
in terms of cardiovascular and respiratory diseases, which affect the occupants.
Indoor pollutants affect the occupants physically as well as cognitively. The
sources of these indoor pollutants are the exhalation process of humans, smok-
ing, nearby sources of pollution like traffic, highways, etc. Besides, stationary and
mobile sources release various chemical pollutants, including suspended particu-
late matter (SPM), carbon monoxide (CO), oxides of nitrogen (NO), lead aerosol,
volatile organic compounds (VOC), and other toxins, which might also affect the
indoor air quality. A report by European Commission depicts that we spend 90%
of our time indoors [22] and the indoor environment can be five times more pol-
luted than that of the outdoors [18]. European countries have reduced the emis-
sion of pollutants/particles by adopting some policies and measures [14]. In a
developing country, to assess such problems, the measurement of the pollutants
would be the foremost objective. The studies conducted by [4, 19, 41] show the
effects of indoor pollutants on the health of occupants, especially children. It is
also observed that the children residing indoors, including classrooms, might suf-
fer from asthma due to the high presence of airborne particle concentrations [6,
36]. Measuring/monitoring the air quality indoors is the foremost step towards
reducing exposure to the concentration of pollutants. The government deployed
Air Quality Monitoring Station (AQMS) has solved the issue by sensing the
air quality in different regions of a city. The AQMSs are very costly to deploy
and maintain, so they can not be deployed densely. These devices are deployed
sparsely in the city at some locations. Nowadays, sensor-based environment mon-
itoring devices have become a popular solution for air quality monitoring indoors
and outdoors. There are some issues regarding the development of such devices,
which are mentioned below.

Recently, environment monitoring using pollutant sensors are attracting the
attention of the researchers. In recent past, [1, 29, 45, 50] have developed envi-
ronment monitoring devices using either low or high cost sensors. From the lit-
erature, we have observed the unavailability of portable EMDs at a reasonable
cost. Besides, these devices are not competent enough due to their size, data
sampling rate, and measuring parameters (like PM, 5, CO,, VOC, etc.) Hence, the
requirement of developing a cost-effective and portable environment monitoring
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device equipped with some sensors (PM,,, PM,s, CO,, VOC, Humidity, and
Temperature) has been emerged for the indoor environment monitoring. An arti-
cle by [37] shows that urban buildings consume up to 40% of the total energy.
Several studies have been cited [51] in the literature towards the energy saving
of a building to maintain the requirement of energy by a nation [23]. However, to
provide a clean and healthy environment, the dependency upon the sensor-based
EMDs is increased. Deploying an EMD in different rooms of a building increases
energy consumption. Several works have been investigated, and some work [28]
has been observed discussing the relationship between the occupancy and energy
consumption by the building. The adaptive EMD can help reducing energy con-
sumption by occupancy detection and perform accordingly. Although, it has been
observed by Eranna et al. [11] that low-cost sensors lose their sensitivity and
precision with time. Hence, different types of calibration techniques like zero air
calibration, external calibration, etc. must be used. Calibration is the process of
minimizing the error in measurement by the sensor. Calibration can be broadly
categorized as hard and soft calibration techniques depending upon their calibra-
tion methods. Hard calibration requires hardware components or, human inter-
vention such as external and zero air calibration whereas, soft calibration uses
machine learning techniques to calibrate the sensors. It has been observed that,
even if the system successfully qualifies the external and zero air calibration tests,
the sensitivity of the sensors may vary in different ambient conditions. There-
fore, different learning models are required to maintain the sensitivity of low-cost
sensors. The sensors are calibrated using the learning mechanism but, due to the
continuous monitoring, the sensors lose their sensitivity which further needs to
be monitored and then calibrated. The correlated features are not the same at dif-
ferent classrooms, so calibration becomes tedious for different classrooms, which
needs further analysis.

1.1 Contribution

Our key contribution in this paper is the development of a reliable air quality moni-
toring system for indoor air quality monitoring. The objectives of this work can be
categorised as follows,

e Design and development of a moderate cost device that can capture the pollut-
ants (CO,, CO, and NO,), particles (PM,,, PM, s, and PM,) with meteorological
parameters (Humidity, and Temperature) used to monitor the air quality of insti-
tutional buildings.

e To make the system energy aware by injecting a simple intelligence to the system
and making the system adaptive to sample accordingly. This will improve the
system efficiency as well as the lifetime of the sensors. This reduces the power
consumption by 45% as in the normal condition.

e Hard calibration as well as soft calibration of the device are performed in order
to ensure the reliability of the system. A generalised indoor calibration technique
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is proposed considering the spatio-temporal parameters, irrespective of its actual
correlation coefficient.

e We have designed an energy aware soft-calibration technique. The frequency of
calibration reduces the power efficiency of the system which has been managed
using the proposed energy aware calibration technique. This technique works for
indoor as well as outdoor monitoring devices.

The rest of the paper has been organized as follows,

In Sect. 2 the motivation behind the proposed framework has been discussed.
Section 3 presents the overall idea about the development of a cost-effective portable
device to monitor pollutant concentration and provides an insight into the sensors
with their properties. The energy awareness of our proposed system is described in
Sect. 4. We have proposed a spatio-temporal calibration technique for ensuring the
reliability as well as robustness of EMD irrespective of its deployment location in
Sect. 5. Section 6 provides the energy-aware calibration to improve the efficiency of
the system. In Sect. 7, the related studies in the field of air quality monitoring have
been described in details. Finally, through Sect. 8 we conclude the paper.

2 Motivation Behind Our Proposed Work

Nowadays pollution is one of the major challenges especially in developing coun-
tries. We spend most of our time indoors and indoor environment can be 5 times
worse than outdoors. Indoor Air Quality (IAQ) depends upon the ambient condi-
tions which are directly affected by the outdoor environmental conditions [32]. So,
we need outdoor environment monitoring as well to measure the indoor air quality.
Most of the cities are lacking in suitable number of Air Quality Monitoring Stations
(AQMSs). As an instance, in India, there are 37 AQMSs in Delhi, 4 in Kolkata and
only one in Durgapur in active state. Such small number of monitoring stations are
incapable of monitoring the complete citywide fine grained AQI.

The AQMS placed especially in Durgapur is capable of measuring the concentra-
tion of some of the pollutants and contaminants. But, only one AQMS is not enough
to measure the air quality of the whole city as the city has a variety of sources of
generation of pollutants like, power plants, brick industries, National highway, etc.
Moreover, the AQMS provides very less data granularity (Samples per unit time)
and deployment of such AQMS indoors is not feasible due to its high cost of deploy-
ment and maintenance. Hence, there is a requirement of devices which can measure
the air quality. There are devices to measure the concentration of pollutants using
inbuilt sensors of different types and different working. Such devices can be catego-
rised depending upon their costs as follows:

Devices with low cost Airveda [29]: India’s first app-enabled air quality monitor
device designed and manufactured in India. The device has been designed consider-
ing the the measurement of the pollutants in Indian context i.e. CO,, PM, s, PM,j,
temperature and humidity. AirBeam [2]: an Arduino-powered, portable, palm-sized

@ Springer



Sensing and Imaging (2023) 24:7 Page50f36 7

Table 1 Comparative analysis of various market available devices with their measuring parameters, cost
and granularity which signifies the trade-off among the cost, measuring parameters, and granularity

Name of the device Measuring parameters Cost ($) Granularity
(sample(s) per
minute)

Aeroqual outdoor starter kit PM, s/PM,, NO,, O;, Temp, Hum 2680

1
Aeroqual indoor starter kit~ PM, §/PM,, CO,, VOC, Temp, Hum 2850 1
Aeroqual outdoor kit (Pro)  PM, §/PM,, NO,, O;, CO, VOC, Temp, Hum 4810 1
Aeroqual indoor kit (Pro) PM, PM,,, CO,, CO, VOC, Temp, Hum 4545 1

4

Flow PM, 5, PM,,, CO,, VOC 300
AirBeam PM, 5, Temp, Hum 45 60
Airveda PM, s, PM,,, CO,, Temp, Hum 300 3

It emerges the requirement of an environment monitoring device which balances the aforementioned
parameters i.e., with reasonable cost, desirable measuring parameters, and relatively high granularity

air quality monitor capable of measuring fine particulate matter PM, 5, Flow [39]:
Flow maps air pollution variations around us in real time by measuring real-time
concentrations of NO,, VOC, PM, s and PM,.

Devices with high cost Aeroqual [1]: There are two versions of Aeroqual. One
is Indoor Air Quality Kit:' The kit is used to measure indoor pollutants, includ-
ing the following sensors: particulate matter (PM, s/PM,,), two indoor pollutant gas
sensors (CO,, VOC), and a combined temperature and relative humidity. The other
version of Aeroqual is Outdoor Air Quality Kit:> The kit is used for outdoor moni-
toring, including the following sensors: particulate matter (PM, s/PM,,), pollutant
gas (NO,, O5), and a combined temperature and relative humidity.

The summary of the available systems is listed in Table 1. Aeroqual, Airveda and
Flow provide less granular data which results insufficient data. Airbeam and Flow
are not suitable for detection of all the required pollutants as the sources of pollut-
ants are different in different regions. Moreover, the sensors are inbuilt and can not
be modified or, calibrated, so these devices are not reliable.

A comparative study of these different AQMSs has been depicted in Table 1, with
respect to the cost and the number of measuring parameters. It can be observed that,
the monitoring capability of Aeroqual: (OutdoorKit(Pro)) is high compared to other
monitoring devices. But, the cost is also very high. In this paper, we primarily ana-
lyse the classroom environment as children are more susceptible to erroneous data.
Note, a device with a greater number of measuring parameter is required but at the
same time cost of the device should be less so that normal schools and colleges
can afford it. Hence, the requirement of a system is desirable that can monitor the
desired pollutants with high granularity and low cost. Therefore, we can summarize
the problem as,

! https://www.aeroqual.com/product/indoor-portable-monitor-starter-kit.
2 https://www.aeroqual.com/product/outdoor-portable-monitor-starter-kit.
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Problem Statement-1 Designing and developing a cost effective environmental
monitoring device with high granularity.

Though the devices of high granularity is required to monitor the environment
with greater accuracy and helps in monitoring the minor fluctuations, it draws an
ample amount of energy. The power consumption increases linearly with number of
monitoring devices as well as the duration of the deployment. In our study [44], the
variation of pollutants concentration in a classroom with varying number of occu-
pants and time, has been shown. The same experiment has been carried out in differ-
ent scenarios such as in different classrooms, for different duration etc.

It has been observed that the same characteristics have been followed by the pol-
lutants in different set-ups as depicted in Fig. 1. Due to the rapid increase in the pop-
ulation throughout the urban and sub-urban city, the power consumption increases
to 20% to 40% in developing countries [37]. It has been observed that whenever a
classroom becomes empty the level of the pollutants starts decreasing. So, monitor-
ing of the empty classrooms with such a high frequency is not required as a class-
room with occupants. As per the increase in the level of pollutant (specifically, CO,)
signifies the presence of occupants and further continuous increase in CO, reveals
the duration of presence of occupants. So, controlling the granularity of the EMD
can be triggered as per the occupancy and it can solve the problem of energy con-
sumption i.e. the adaptive system is required. Eventually, it increases the lifetime of
the sensors through reduced sampling rate. We can summarize our problem as,

Problem Statement-2 Improving the energy efficiency of the developed environ-
ment monitoring device by controlling the granularity of the system in real-time by
incorporating the intelligence of occupancy detection and self adaptive nature with-
out any extra overhead

Each environment sensor has a lifetime i.e. sensors loose their sensitivity and pre-
cision with time - this problem is termed as Sensor Drift [12]. Low-cost sensors are
also prone to have cross-sensitivity issues but, assuming this problem as a relative
issue in all the sensors, we are not concern about this issue. It has been observed
that, the sensitivity of the sensors decreases with time while they are placed in the
same environmental condition for a long time. Due to sensor drift, the aforemen-
tioned devices are prone to be decayed in sensitivity with time. To use these devices
effectively they must be calibrated using different calibration techniques. Some of
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the calibration techniques viz. external and zero volume calibration require human
intervention to calibrate. But at the time of real world deployment these techniques
will not help as they require some static and costly set-ups. Hence a soft calibration
technique is desirable in such situation. These calibration technique generally fol-
lows regression technique, and it requires feature analysis which can be done using
correlation coefficient. But, it is observed that the for different classrooms the fea-
ture set is different which is undesirable. Hence, a soft-calibration technique has
been proposed considering the spatio-temporal behaviour of a classroom irrespec-
tive of its actual correlated factors. Hence, the problem can be stated as,

Problem Statement-3 If n no. of EMDs are deployed in different classrooms,
some of them provide incorrect measurement although the sensitivity of the sensors
is acceptable. Can we enhance the system reliability by improving the sensor preci-
sion through a spatio-temporal soft-calibration process, irrespective of its measuring
location?

Due to the problem of sensor drift the sensors need to be calibrated in a peri-
odic basis. The period after which the calibration is required is the key to achieve
an energy-aware calibration system. The importance of re-calibrating the system
depends on the application area, and children are very susceptible to air pollutants.
There are works describing the hazardous impact of pollutants [8, 31] such as sick
building syndrome (SBS) [13, 52]. Most air quality monitoring devices are equipped
with low-cost sensors, and these sensors lose their sensitivity with time. If such cali-
bration and re-calibration are not used, these devices provide erroneous air quality,
affecting the occupants. Hence, the problem can be stated as,

Problem Statement-4 Is it possible to make the system intelligent such that it
would calibrate the system periodically, and the period for re-calibration can be set
through an energy aware calibration system?

3 Development of Cost Effective, Portable Environment Monitoring
Device

We have developed a low cost (costs ~ 100$—200) Environment monitoring device
(EMD) as shown in Fig. 2 comprising of environmental as well as meteorologi-
cal sensors as mentioned in Table 2. The sensors are connected to Arduino, which
reads the changes in voltage through its input pin, maps it accordingly and stores
the sensed data. Here, we use the Arduino for easy prototyping. The connection of
sensors with the controller is shown in Fig. 2. At the very initial stage, some prob-
lems arose such as proper voltage supply and its’ proper distribution among the sen-
sors. On considering such underlying issues, the moderate cost (costs ~ 300$ — 450)
EMD has been developed. We can evaluate the accuracy of a sensor using the EQ 1.

(Actual Value — Measured Value

1
Actual Value ) X 100% @)
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Fig.2 a Architecture of the device consisting of sensors, micro-controller and power module assuming
that the power to the micro-controller has been given separately; b Pin-out of sensors with micro control-
ler (Arduino Mega 2560); ¢ Layer-wise view of the developed EMD consisting all the sensors where,
First layer: Sensing layer consisting of sensors, Second Layer: Controller unit consisting of micro-con-
troller, Third Layer: Power module consisting of battery and other electric components

3.1 Low-Cost EMD

On comparing the low cost EMD with the AQMS placed by Central Pollution Con-
trol Board (CPCB), Durgapur, India, we have got an accuracy of 60% to 70%. The
first design/implementation of the EMD revealed to have some issues at the time
of testing it, which are further required to be revised for the enhancement of the
system. The issues to be revised are, (a) Life-Time of the sensors used in the EMD
was poor on average it was 10-11 Months, (b) Sensitivity of the sensor was weak,
for critical conditions it would reduce up to 40%, (¢) Granularity of the system was
low to 3 data samples per minutes, (d) Accuracy provided by the system was 70% to
75% which is satisfactory.

3.2 Moderate Cost EMD

Our objective is to design and develop a GPS enabled cost effective environment
monitoring device for monitoring the criteria pollutants i.e. NO,, PM,, CO,, etc.
and meteorological parameters like temperature, humidity with real time data
processing and transmitting feature. We require the GPS to validate the system as

@ Springer



7 Page100f36 Sensing and Imaging (2023) 24:7

High Accuracy Mini
MQ 135 MiCS 6814 Temperat:re and PMS1003
Humidity
I I
‘ ! L I
[
Arduino Mega yjﬂ -
2560 Battery (a)

Humidity & Temp.
: iehsqr

@
Mics-6814

Fig.3 Layout of the EMD a Architecture of the device consisting of sensors, controller and power dis-
tribution among sensors assuming that the power to the micro-controller has been given separately, b
Sensor connectivity with UDOO NEO, ¢ EMD with small size and easily portable consists two layers: (i)
sensing layer and controller unit and (ii) power module

if the EMD at outside is in the close proximity. We need the system to be portable
as to validate and calibrate the system in a timely manner.

After applying the necessary modifications step by step the device has been
evolved. The system architecture of the complete system is shown in Fig. 3 in
which we have used UDOO NEO for better performance. The sensors used in the
moderate cost EMD is mentioned in Table 2 with their features. The end device
has the following Advantages:

e Accuracy On comparing the EMD with the AQMS by CPCB, Durgapur,
India, we have got an accuracy from 80% to 85%.

e Portable & Cost effective The modified EMD is equipped with two layers
with a Power bank which makes it easily portable. The weight of the EMD
was reduced to 600 gms. Due to a slight change in the price of the moderate
sensors and reduction of size, the EMD remains low cost slightly more than
the previous version of EMD.

¢ Long battery backup We use a Power bank of 20000 mAh for power supply
which provides 48 hrs backup, so the device can continuously work for the
long term without any interruption.

e High Granularity The granularity of the EMD are controlled and increased
up to 60 data samples per minute.
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e Connectivity The sensed data is stored continuously in SD card storage as well
as it has the bluetooth and Wi-Fi connectivity which can also supply the data for
web storage.

A comparative analysis of the low as well as moderate cost EMD has been made and
depicted in Table 3.

The cost-effective EMD has been developed but the energy consumption by the
EMD increases the overall cost of deployment. So, for a feasible system an energy
aware EMD is desirable which is presented in the next section.

4 Energy Aware System

The developed EMD is dependent on lead acid battery which has certain backup
depending upon the the number of data samples generated per unit time.

EnergyConsumption(E) « SamplingRate(S) )

We have proposed an energy aware system to increase the run time of the EMD by
controlling the energy consumption of the system. Eq. 2, says that Energy Consump-
tion (E) is directly proportional to the Sampling Rate (S) i.e. E can be controlled by
controlling S. Here our objective is to control S without affecting the accuracy of the
system i.e. minimize S over a given time units subject to the constraint that, accu-
racy will not be reduced. We propose an energy aware system using the fact that, in
the absence of the students we do not need to measure the pollutants concentration
with high granularity. To make our system energy aware, we have incorporated some
intelligence to the EMD. Using this intelligence the EMD can detect if students are
present in the classroom or not. Here two factors are underlying which depend upon
the occupancy of the target classroom. First factor defines the method of occupancy
detection without adding any extra module and the second factor tells about the
occupancy of the classroom during the time duration. The Real Time Clock (RTC)
provides the information of time of the day and day of the week. These information
helps in realizing the time in which classes go on. On the other hand, the occupancy
detection is done depending upon the level of concentration of CO, as the level of
CO, increases with increase in the number of occupants [44]. But, here the chal-
lenge lies in detecting the occupancy irrespective of the other factors such as size
of the classroom, air exchange rate of the classroom etc. Moreover, each time the
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Fig.4 Measurement of energy
consumption by EMD using

a power meter with input and
output ports which measures the
voltage as well as the current
through the circuitry which are
connected with the input and
output of the power meter

Fig.5 Energy consumption b 7 P
the EMD at mitial saté of the Energy Consumption
EMD (E,)) with different stages 6
of component integration; on
integrating the temperature and -]
humidity sensor (E ), the par- 2
ticle (PM,, PM, 5, PM ;) sensor i 4
(Epp), CO;, sensor (Eg,), and g
the complete EMD (Ep,,,) 3
2
1

© 4 4 ¢
4 2 o A’b Og @170

presence of occupants is detected after some duration (d) of time. This duration d is
not fixed as the number of occupants and their age group are not same all the time in
different classrooms even in the same classroom. This is not the issue as the impact
of the pollutants up to the duration d is not significant as it does not crosses the pre-
scribed limit. But, by using this incomplete data the prediction or other processing
of the air quality gets hampered.

Both the aforementioned issue can be resolved using the periodic triggering of
the EMD. This period is small enough to capture the essential data for predicting the
air quality. Suppose at time t, the concentration of CO, is C, and after the periodic
interval p, the concentration of CO, is C,, ,. Now, if (C,,, - C;) > Th, where Th is the
threshold value, then, it implies that there is a rise in concentration. Hence, the inter-
val time is reduced to p’: p > p’. This p is very large in case of weekends, the recess
duration, and the night duration.

Energy calculation The proposed system is validated by using a power meter’
consisting of Voltmeter, and Ammeter. We measure the energy consumption of
the EMD in different scenarios with different set of integrated devices as shown in
Fig. 4. We have calculated the energy consumption with no sensor connected to the

3 https://www.amazon.in/PortaPow-Monitor-SmartCharge-Chargers-Panels/dp/B0713MTPHX.
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Fig.6 Energy consumption at 10 E, ]
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Table4 Energy consumption by Total energy consumption (Watt Hour)
normal EMD and the proposed
intelligent energy aware EMD Normal condition Energy aware
for different duration of time
such as on running the EMD 1 Hour 11.696 10.771
for 1 h, a day, a week, and for 1 Day 280.699 167.13
a month

1 Week 1964.89 1078.528

1 Month 7859.56 4314.112

The overall energy consumption is reduced with respect to the nor-
mal EMD

micro-controller to measure the energy consumption at initial condition (£, of with-
out any sensor. Then we integrate the sensors one by one and measure their impact
over energy consumption. We have used 3 sensors for our experiment viz., THO2,
PMS1003, and MQ135 and measured the energy consumption of these sensors as
Er . Epy and E, respectively. Finally the energy consumption by integrating all
the sensors together we calculate the energy consumption by the EMD as Ey,,;,. The
energy consumption in each scenario has been depicted in Fig. 5. It justifies that
energy consumption increases with number of components in the target device. In
this work, we have proposed the energy efficient and intelligent system development
with variable sampling rate. We have estimated the energy consumption of the sys-
tem with some variants of sampling rate and with different components. The Fig. 6
depicts the energy consumption in watt hour with different sampling rate and differ-
ent components integration. It also depicts that the energy consumption is decreas-
ing by decreasing the granularity. This observation has been introduced in our devel-
oped EMD as mentioned above. More than 45 % of energy consumption has been
reduced by using the proposed energy aware system.

A comparative study has been made between the proposed energy aware sys-
tem with normal or, previous version of the EMD. We have emulated the pro-
posed system and tested in the real life data-set of our institution and we have
calculated the energy consumption by the system. We have estimated the energy
consumption by the EMD in 1 h, 1 day, 1 week, and 1 month as shown in Table 4.
It has been observed that the energy aware EMD reduces the energy consumption
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due to the intelligence that the EMD is not required to sample the pollutants data
with high frequency in the rest of the times when classes are off and even in the
weekends. The requirement of the sampling in low frequency even in the vacant
classes is required as to model the other predictive or machine learning algo-
rithms. Hence, the proposed system is an efficient system to monitor the air qual-
ity of an indoor environment specifically the classrooms of any organization or
institution.

Energy vs. Cost based sensor selection: Most of the time, we have options to
select sensors from multiple option of available sensors. The sensors with same
working principle can be selected based on their sensitivity. Selecting a sen-
sor with similar sensitivity and different type such as, to measure concentration
of CO, we have two options, one is Metal Oxide Semiconductor(MOS) based,
and other is Non-Dispersive Infrared Sensor (NDIR) based. We know that the
MOS type sensor consumes more energy but, due to the cost constraint we have
selected it. The NDIR sensor consumes less power relatively, but these are gener-
ally costly sensors due to its costly arrangements. A comparison between MOS
and NDIR type sensor for CO, sensing is depicted in Fig. 7. Hence, the selec-
tion of the sensors are completely personal choice, this work aims in reducing the
power consumption based on the given scenario.

Hence, the proposed system has the following features compared to the market
available devices.

e The developed EMD is easily portable, robust, and reliable.
EMD is made energy aware.
The cost of development of the EMD is moderate and less than the market
available devices.

e It can measure the concentration of the pollutants, and meteorological param-
eters

After the development of the cost-effective and energy aware EMD, the system
is about to investigate and test the pollutants at different locations. But, without
verifying the value of EMD, it can not be used, and the verification process is
accomplished using calibration.
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Key Observations: The energy—aware EMD has been deve-—
loped with adaptive granularity according to the pre-—
sence of the occupants, which reduces the energy con-
sumption by 45% as compared to the normal EMD.

5 Calibration of the EMD

Sensor calibration is a method of ameliorating sensor performance by abstracting
structural errors in the sensor outputs. Structural errors are distinctions between a
sensor’s expected output and its quantified output, which emerge consistently every
time an incipient quantification is taken up. Any of these errors that are repeata-
ble can be calculated during calibration. Calibration provides a means of providing
enhanced performance by improving the overall accuracy of the underlying sensors.
Over time, sensors have a tendency to drift and it can be zero-point (baseline) drift
or output (sensitivity) drift. For an error-free system, it must be validated through
soft as well as hard calibration. Soft calibration is the method of calibrating the sen-
sors using any kind of learning mechanism without human or, hardware interven-
tion. Hard calibration is the technique which requires human intervention, and/or
hardware involvement is required to calibrate the sensors.

e Hard Calibration: This technique deals with the calibration where human inter-
vention is required with extra hardware set-ups. We have used two hard calibra-
tion technique as mentioned below.

— Zero Air Calibration: This calibration technique is used to compensate the
zero shift error by measuring the output of the sensor in inert condition.

— External Calibration: This technique uses a reference for comparing the meas-
urements and compensating the errors.

e Soft Calibration: In this technique Machine learning model is used to reduce the
error in measurements.

5.1 Zero Air Calibration

We have used pure nitrogen in vacuum gas chamber to calibrate the zero point
for “Zero Air” calibration. The calibration procedure is carried out when the tem-
perature is in the range of 24-28°C, while the relative humidity is in the range
of 50-60%. The EMD is then put into a chamber made of acrylic sheet, and after
50 min the chamber is evacuated by filling it with nitrogen gas. After 150 min from
the start of the experiment, we open the chamber. The result of our experiment is
shown in Fig. 8. Here, initially the EMD is kept in the air tight closed chamber so
the concentration of pollutant increases. The concentration of the pollutant sharply

@ Springer



Sensing and Imaging (2023) 24:7 Page170f36 7
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decreases to zero on making the air tight chamber as inert by purging pure nitrogen
gas into the chamber. Inside the chamber the pollutant concentration remains zero
until the chamber is opened. Then the pollutant regains its original concentration in
open environment.

5.2 External Reference Calibration

In this method, the sensors have been calibrated using external reference. The Air
Quality Monitoring Station (AQMS) placed by Central Pollution Control Board
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(CPCB) situated at Sidhu Kanu indoor stadium, city center, Durgapur, India, is taken
as a reference and our developed EMD is placed at Pinnacle Infotech, Durgapur,
India, at a distance of 200 meters and above 14 meters height from the stadium.
The data collected by both the sources has been analysed and it has been verified
that the EMD is having a similar behaviour with small deviation as shown in Fig. 9,
which ensures the correctness of the EMD and said to be calibrated EMD. The other
EMDs are then calibrated using the already calibrated EMD.

After all the EMDs are calibrated, we tested the EMD and find that the measure-
ments are not satisfactory in case of all the pollutants, e.g. CO as shown in Fig. 10.

To resolve this problem, a soft calibration with regression technique is used.

5.3 Soft Calibration

In our study, it has been observed that two similar sensors measure two different val-
ues for the same parameter. In most of the cases, it is quite obvious, as two electronic
devices may not be 100% same. Variation of sensors must be tolerable but this is not
the case in our system. This may affect both the complete environment monitoring
system and it’s data analysis. On applying a machine learning technique, the error can
be reduced. In our experiment, it has been seen that, calibrating the device once at one
place may not guarantee the correctness of the device at spatially different locations.
On analysing the problem it can be formulated as, Given, n no. of devices, consisting
of the same type of sensors (S,), to measure same parameter (P). If one device among
the n devices is calibrated, is it possible to calibrate all other n — 1 devices such that,
those can measure correctly with good precision in almost every spatial variation?

To achieve the solution of the problem, we have done a survey which is summa-
rized in Table 5. The Table 5 shows that most of the works in literature have used
the regression technique with its variants. They also used RF and ANN in a few sce-
narios. Most of these works have not analyzed the correlation among the different
pollutants or the other parameters. They have mostly used the available parameter
without analyzing the correlation factor. Here, in this work, we have analyzed the
correlation coefficient of each of the available parameters for each room. It has been
found that, even if the structure of two rooms of an institution is similar, they might
not have similar correlated parameters. Further, we have proposed a calibration algo-
rithm using simple linear regression which uses the features having Spatio-temporal
correlation. We have considered Temperature and Humidity as the Spatio-temporal
parameters, irrespective of their actual Pearson correlation coefficient. Most of the
works in the literature have used either temperature or humidity as features. Others
have also used similar features with a complex model but, in our scenario, the model
should be lightweight for a low cost as we are primarily concerned about the cost.

In this paper, we have proposed a solution that satisfies the spatial variation and
fit into most of the scenarios. We have done a comparative study of different regres-
sion techniques to analyse the accuracy of the system. The regression techniques
we have used are Linear regression, Multiple regression, Support vector regression,
Regression tree and Gaussian Process regression.
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Table 6 Correla.tlon table: - NO, CO, CO PM, PM,; PM,, RH T
pearson correlation coefficient :
between each pair of pollutants NO, 1

and particles to select the
features for the calibration CO, -061 1
process CO -076 086 1

PM, 005 -0.02 -000 I
PM,s —-005 001 004 -012 1

PM,, 001 -003 001 055 049 1

RH -065 062 067 008 013 014 1

T 064 -066 —070 —007 —0.11 —0.12 —099 1

Table 7 Overall Correlation of CO with others in different environment

NO, CO, PM, PM, s PM,, Humidity Temperature
EC-1 High High Low Low Low High High
EC-2 High Med Low Low Low High High
EC-3 High High Low Low Low High Med
NEC-1 High Med Low Low Low Low Low
NEC-2 High High Low Low Med High High
NEC-3 Med High Med Med Med Med Med

The Correlation coefficient are mentioned as High (0.51-0.99), Med (0.31-0.50) and Low (0.01-0.30);
No any parameters are consistently correlated with CO

For the processing of our data collected by the EMDs, the correlation among all
the pollutants has been analysed as shown in Table 6. In previous works, it is seen
that the application of the machine learning algorithms not only depends on the
other pollutants but also on different types of meteorological information, structural
information, spatial data, etc. These extra information increase the data acquisition
cost, the complexity of the system as well as the computational cost. In our system,
there is no such extra ad-ons used for analysis. The data used for processing and
developing the complete system requires only the data collected by the developed
EMDs. Correlation method is used to select the features required for applying the
aforementioned regression techniques.

We have selected six different classrooms for analysis of which three are Empty
Classroom (EC) and three are Non-Empty Classroom (NEC). We have analysed
the empty as well non-empty classrooms to understand the characteristics of empty
classrooms for calibrating a device kept in either an empty or non-empty classroom.

We work with gas sensors which measure carbon monoxide (CO), Particulate
Matter (PM, s) and CO, concentration. To understand the features upon which the
concentration of the aforementioned pollutants and particles depend, we analyse the
correlation of all parameters among themselves. The correlation between the same
parameters are not identical in different cases, but for generalization, we describe
the features in some ranges viz. the coefficient value of 0.51 to 0.99 is mentioned
as high, the coefficient value between 0.31 to 0.50 is mentioned as medium, and
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Table 8 Overall correlation of

NO, CO, CO PM, PM,, Humidity T t
PM, 5 with others in different 2 2 ! 1o “mctly “cfiperatire

environment EC-1 Low Low Low High High Low Low
EC-2 Low Low Low High High Low Low
EC-3 Low Low Low High High Low Med

NEC-1 High High Low High High High High
NEC-2 Low Med Low High High High High
NEC-3 High High Med High High High High

The Correlation coefficient are mentioned as High (0.51-0.99), Med
(0.31-0.50) and Low (0.01-0.30); Humidity is the only consistent
correlated parameter separately with empty and non-empty class-
rooms

Table 9 Overall correlation of CO, with others in different environment

NO, (60} PM, PM, s PM,, Humidity Temperature
EC-1 High High Low Low Low High High
EC-2 Low Low Low Low Low Low Low
EC-3 High High Low Low Low High Low
NEC-1 High Low Low Low Low High High
NEC-2 Med High Med Med Med High High
NEC-3 Med High High High High High High

The correlation coefficient are mentioned as High (0.51-0.99), Med (0.31-0.50) and Low (0.01-0.30);
Here also no parameters are consistently correlated

the coefficient value of 0.10 to 0.30 is termed as low. We have selected the range on
the basis of theoretical and experimental data. Correlation matrices among all the
simultaneously collected particles, pollutants and meteorological information are
calculated as shown in Tables 6, 7, 8 and 9.

The result of the correlation analysis depicted in Table 7 shows the correlation
of CO with other pollutants and particles. It shows that the correlation of CO is
High with Humidity and NO2 in empty condition, but the behaviour of the Non-
empty room is varying. Table 8 shows the correlation of PM, 5 with other pollutants
and particles. Here, it can be observed that except PM, and PM,,, only Humidity is
showing similar behaviour in similar type of rooms i.e., low correlation in empty
classrooms and high correlation in non-empty classrooms.

Table 9 shows the correlation of CO, with other pollutants and particles. Most of
the parameters are inconsistently correlated and the Humidity is highly correlated
with CO, of five classrooms except the one with different characteristics.

For our experiment, we have selected six classrooms with different parameters as
shown in the Table 10. The faulty sensor is calibrated by modelling the error using
a machine learning technique. The error is then rectified and a calibrated result is
obtained. The result is satisfactory but it is not suitable for some of the dataset, spe-
cifically the one obtained from the second classroom (EC-2). The presence of the
error may be due to the following reasons:
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Table 10 Experimental set-up of our experiment EC-k: kth Empty Classroom NEC-k: kth non-empty
classroom; all with different conditions

EC-1 EC-2 EC-3 NEC-1 NEC-2 NEC-3
Position Ground floor Second floor Ground floor Second floor  Ground floor Second floor
No. of fans 2 0 4 3 4 6
(ON)
No. of open 1 0 0 0 0 2
doors
No. of AC 0 0 2 2 2 0
(ON)
No. of occu-  4-6 0 0 40 - 45 20-25 70 - 80
pants
Nature of Computer Seminar hall Classroom  Computer LAB Classroom
room LAB LAB

1. The spatial differences The locations and structures of the classrooms are dif-
ferent which may lead to change in pollutant concentration. Affecting parameters
may vary due to variation in the direction and number of doors/windows etc.
Apart from these variations, the classroom has different number of occupants
present in there for different duration.

2. The temporal variations These variations are very crucial and depends mainly
on (i) the outside weather conditions which vary in different time periods and (ii)
the variation in the nearby road traffic which is almost unpredictable.

3. Manufacturing defect of the Sensors One of the most common reason for vari-
ation, in the same type of sensors, is the manufacturing variations.

In our case, measuring temporal variations in all the different classrooms is a
very tough task, as it is mainly related to meteorological and traffic information.

So, we model the system separately for all the different rooms and we get bet-
ter results. The accuracy of the result obtained is high but, it is not feasible as, for
each location, the system cannot be modelled separately. Now, it is clear that the
sensors are affected by the temporal as well as spatial factors. It means that by
only correcting the error once at a certain environmental condition or space, the
erroneous result at different locations may not be avoided. This is due to the spa-
tial variance of the classrooms such as, different floor, different direction of doors
and windows, etc. Moreover, as we have seen the behaviour of different class-
rooms are not similar through Table 6-9, the selection of contributing features are
challenging. Hence, we proposed a calibration technique considering the spatio-
temporal behaviour of the classrooms by introducing the features which holds the
spatial properties irrespective of its correlation score. Temperature and humidity
are two major factors correlated with the spatial nature of the classrooms as these
are dependent on the spatial factors such as, height, floor, AC status of the room,
etc. Moreover, temperature and humidity are such two factors which are measured
by the developed EMD for each samples of pollutants so, we have selected these
parameters.
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Fig. 11 Average error in the 0.35
calibration of CO,, PM, s, 03
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Now, Let us consider some features as, fj, f5, f3..., f,_4 Which are the pol-
lutants, directly affecting the measuring parameter say, D. Then a model can be
formulated as,

n—4

Dcarrect = z(ﬁl *f;) + ﬂn—S * T+ ﬂn—Z * H + ﬂn—l * DErr + ﬁn (3)
i=1

where, f;s, [such that, 1 =1 ... n] are the constants and T is temperature, H is humid-
ity, and Dy, is taken as the erroneous data.

We trained the model by the data of n — 1 days and tested it on the nth day’s
data and obtained a better performance for all the classrooms. We have used some
baseline regression techniques to compare our model which shows that the pro-
posed spatio-temporal calibration technique performs better than the existing
models.

The baseline methods consists of, Simple Regression technique [46], Polynomial
Regression [34], Gaussian Process Regression (GPR) [42], Support Vector Regres-
sion (SVR) [17], and Regression Tree [16] to perform the leaning mechanism for
calibrating the sensors. The proposed spatio-temporal calibration model is validated
and compared withe baselines using the collected data-set from different classrooms
as mentioned in Table 10.

After a rigorous analysis of the system, a common result is shown in Fig. 11. The
day-wise analysis of the result is also shown in Fig. 12.
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In Fig. 11 the average error for pollutants like CO,, PM, 5 and the combinations
of all other pollutants are measured. From Fig. 11 it can be observed that, among all
the baseline algorithms, our proposed technique provides the least error (= 6%) which
holds in Fig. 12 also, where a day wise analysis has been shown. The day wise analysis
shows that for 3 — 4 days out of the 30 days, the simple regression performs slightly
better, this may be due to the high variance in the temperature and humidity through-
out the aforementioned days. Hence, the individual as well as day wise analysis show
that, in most of the scenarios the proposed method performs better than other baseline
techniques.

6 Scheduling of Re-Calibration

On applying the soft calibration technique, the sensors are calibrated but, due to the
issue of sensor drift, the sensors need to be re-calibrated after particular time intervals.
Duration of re-calibration can be reduced by continuously monitoring the sensed data
and validating it with actual data to get the exact time for re-calibrating the sensor. Vali-
dating the sensor data each time a new sample arrives is not feasible and computation-
ally expensive. We can provide a certain time gap to validate the data for calibration,
but the calibration requirement somewhere between the time gap may reduce the effi-
ciency. This problem can be resolved using continuous validation of the sensors, which
is practically infeasible. Moreover, setting a short period for periodic calibration is also
not feasible as it leads to unnecessary calibration when there is no need for calibration.
Hence, a method is required to analyze the EMD and results in an Optimal Calibration
Period (OCP), after which an EMD is needed to be calibrated. We proposed a window-
based technique for estimating the re-calibration duration to obtain the optimal period.
The proposed algorithm uses a timer to make the system energy aware. Generally, we
compare the generated data with a reference device, and if the error exists, the sensor
is calibrated or gets replaced, or any other action is taken. Whenever data is generated,
reference comparison increases the computation overhead; hence, energy consumption
increases.

In this work, OCP is calculated using machine learning technique by learning pat-
tern of erroneous data generated from the device.
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Algorithm 1 Window based technique for scheduling the re-calibration time

1: Data: ActualData, SensedData

2: Results : Optimal Calibration Period (OCP): The optimal period after which next calibra-

tion is to be carried out

3: Threshold //The maximum accepted level of deviation (Error)
4: winSize = N //The value up to which the error is tolerable
5: CalibratedData = calibration(SensedData[0:Bootstrap])
6: while SensedData do
7
8
9

Error — ActualData— CalibratedData

win 0

: if Error > Threshold & win < winSize then
10: win++
11: end if
12: if win == winSize then
13: Calibration is Required
14: CalibratedData — calibration(CalibratedData)
15: Tx — Current time stamp
16: K++
17: Formulation of OCP using ML model
18: OCPg — func(Tx-1,K)
19: Re-calibration will be scheduled accordingly
20: end if

21: end while

Here, actual data refers to the data collected through the reference station. The
soft calibration has been used to get the calibrated data which are compared with
the actual reference data to get the error. When the error generated for a number of
continuous samples is greater than the threshold winSize.

6.1 Requirement of Re-calibration

We have collected data through the EMD placed at a location with a sampling
rate of 1 sample per minute. After monitoring the data for a few days, we have
obtained the drift point where the calibrated data is drifting as shown in Fig. 13.
The mark of increasing error shows the drifting nature of the sensor, and the
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error is linearly increasing, hence satisfying the condition of re-calibration.
After re-calibrating the sensor, the error is reduced to 0-2 as depicted in Fig. 14.

Hence, It shows the requirement of re-calibration of the sensor. Now, both
the options can be opted for training firstly, by the device itself and secondly,
using a separate server. The option of using a separate server would be the best,
but it is not suitable in our scenario as for re-calibration, the data of the co-
located device is required, which can not be stored at a server as it will increase
the overhead. Moreover, this option is costly, and extra costs will be incurred
for connectivity through the internet. Furthermore, the connectivity failure may
hamper the system performance, which requires continuous monitoring and fur-
ther increases the cost of deployment. Our main goal is to monitor the air quality
with a minimal cost, whether in the form of deployment or energy consumption,
but without compromising accuracy. It results in an optimal system and can be
easily acquired by any school, college, institution, or organization. The device
on which we have implemented the re-calibration is equipped with UDDO-NEO,
which is a combination of a microprocessor and microcontroller. This device has
the capability of training the model to reduce the error in the measurement. We
have used a very lightweight regression model that can be run on UDDO-NEO
with the following processing capabilities.

e Android Lollipop & Linux UDOObuntu2 (14.04 LTS)

e 1 GBRAM

e One ARM® Cortex-A9 core running up to 1 GHz and one Cortex-M4 core
running up to 227 MHz for high CPU performance and real-time response.

6.2 Estimation of Optimal Calibration Period (OCP)

We have performed a behavioural analysis of the data for the requirement of the
calibration. This usually requires the data for a long time duration. The required
data has been emulated with a set of assumptions. The emulated data is then
validated using the experimental data collected through the EMD. On applying
the proposed algorithm, we finally obtain the OCP by formulating it in the form
of timestamp. The details follow.
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6.2.1 Data Emulation

Our target monitoring location is the educational buildings, and we primarily
focus on the CO, concentration. We require the sensed data samples of CO, for
an extended period with its corresponding actual data. In reality, we do not set up
two devices simultaneously. We emulate the data through standard CO, genera-
tion formulation given, the volume of the room, no. of occupants, and other factors.
Moreover, the noise has been imputed in the form of continuous drift of the sensor
assuming that the sensor is a low-cost sensor. We have emulated the data in an ideal
condition with the following assumption.

e The room environment is ideal with constant air flow rate, same rate of CO, gen-
eration by the occupants, with the same number of occupants through out the
number of days of the experiment.

e The sensor is low-cost and have tendency to drift continuously with time, i.e., the
noise follows the hyperbola like structure with negative slope.

We have computed the CO, concentration of a classroom using some equations fol-
lows the emulation of data as mentioned in [33, 38, 47]. The equation considers the
volume of the room, number of occupants, etc. Initially, we have emulated the CO,
in ideal condition as depicted in Fig. 15, then we have emulated the data for one day
considering that the class duration is from 9:00 am to 4:30 pm with 100 min recess
at 12:20 pm which is presented in Fig. 16. We have assumed that the classrooms
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become vacant during the recess. We have observed that if classrooms becomes
vacant the pollutants concentration starts decreasing though the decrements are
slow [44]. This phenomenon has also been encoded in the data emulation process.
We have emulated the data for a total of 100 days as shown in Fig. 17. As we are
dealing with low and moderate cost sensors which suffer from the sensor drift, so
we have also imputed the noise in the obtained data. We have computed the noise
by considering the hyperbolic nature of the sensor drift as depicted in Fig. 18. On
injecting the error/drift in the ideal data set we obtained the data with errors as in
real time which is depicted in Fig. 19.

6.2.2 Validation of Emulated Data

Validation of the emulated data is crucial before using it for further processing. We
validated the CO, data using the reference as our developed EMD. We have col-
lected the data by placing the EMDs in the classroom for a certain duration. We then
performed hypothesis testing between the collected actual data and the emulated
data; we then obtained the p value as 0.52, which rejected the null hypothesis. Here,
the null hypothesis signifies that the two sets of observations are not similar, and the
rejection of the null hypothesis supports our assumption. Hence, the emulated data
is validated, and it follows a similar variation as the actual data.
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6.2.3 OCP Modelling

Now, the optimal calibration period can be calculated using the model, which can
identify the requirement of calibration, i.e., each time the calibration is triggered,
that timestamp is marked. These timestamps are then used to train the model for
identifying the next calibration point. The model provides the optimal calibration
period (OCP) for re-calibrating the device. Ideally, the sensors will follow some pat-
tern in drifting their sensitivity. Now, we obtain the pattern through the learning
algorithm and determine the next time the calibration is required.

6.3 Real-Time Deployment

We have deployed two devices in the classrooms. One is normal EMD which might
be erroneous, and the other is the calibrated EMD. Initially, we need two EMDs, but
after developing the calibration model, only one EMD will be sufficient with peri-
odic re-calibration. Following is the step-wise procedure of overall calibration.

Step 1:  One EMD (say EMD1) is calibrated with a standard government-deployed
air quality monitoring station.
Step 2:  Another EMD (say EMD?2) is deployed in the classroom. Initially, the

EMD1 is also co-deployed with EMD2 for a certain duration.

Step 3: Now, the EMD?2 is calibrated with respect to th e standard EMD1 by train-
ing a regression model to reduce the error.

Step 4:  EMD2 continues monitoring the air quality and calibrates the data accord-
ing to the trained model.

Step 5:  After the OCP, the recalibration process starts, for which the EMD1 will
be co-deployed again for a few days, and the EMD?2 will be retrained.
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Note: We cannot use the data from air quality monitoring stations to calibrate
the EMD?2 as they are not co-deployed, so variation is evident, and any server for
data storage also cannot help.

Here, the re-calibration signifies the retraining of the calibration model with
the updated data-set. Calibration using a soft-calibration technique becomes
energy hungry. Hence, re-calibration needs extra energy. We have measured the
energy consumption for the execution of a simple linear regression in UDDO-
NEO, which is 2.8 Watt, whereas in idle conditions it takes 1.5 Watt. So, re-cali-
bration consumes almost double the energy as compared to the normal condition.

6.4 Results and Discussion

We have tested the proposed technique on our emulated data set. Due to the regu-
larity in the data set, we have obtained the result with regular variations. The
system’s behavior shows that initially, the calibration is required very frequently,
but later, the OCP interval increases with time. This behavior is due to the nature
of sensors that try to shift from their original measurement. This drift needs close
attention during the initial measurement phase, as the sensor needs some time
to adapt to the actual behavior of the measurement by controlling the error. We
obtained the calibration point at timestamps 1, 11, 22, 44, 69, 91, 297, 751, 1990,
which is lesser than that of periodic calibration points at regular intervals. We
select the regular intervals based on the initial few drift points that can be very
recent; hence, the interval can be very high. Suppose we select the interval as
100, then for 5000 timestamps, 50 times calibration will be required very high
than the proposed technique, i.e., only 9. Moreover, the initial value may have
high variance; as we can see in the result of OCP, most of the timestamp lies up
to 100. The Fig. 20 also depicts the mean absolute error when the calibration is
done in regular intervals, and it shows that with time the error is increasing. The
Fig. 21 depicts the error obtained when the proposed OCP is used, showing the
reduction in error even by using the less number of calibration points in time.
Hence, our proposed technique outperforms the traditional way of selecting the
calibration point.
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7 Literature Survey

In past studies, it has been evident that fair amount of work have been carried out
in the field of environment monitoring in real-time. Moreover, the air quality moni-
toring in a cost-effective manner is desirable to effectively measure the air quality
at different indoor scenario even in developing countries. There are two aspects of
reducing the cost of an air quality monitoring device, (1) by using the sensors of low
cost and (2) by reducing the cost constraints of energy consumption by the device.
Use of low-cost sensors may hamper the reliability of the system so calibration is
required. This section describes the state of the art in the different components of air
quality monitoring such as (a) development of a cost-effective air quality monitoring
units, (b) energy aware EMD development (c) calibration of the developed device to
ensure the reliability.

Development of Environment monitoring device Recently, developing a cost
effective environment monitoring device with high precision has become one of the
most attractive as well as a challenging field of research.

Several solutions have been proposed for designing a cost effective device
equipped with some gas sensors. Spachos and Hatzinakos [45] presented a real-
time cognitive wireless sensor network system that monitors the concentration of
carbon dioxide at a complex indoor environment and provides timely alerts. How-
ever, the system only measures CO, which is not appropriate in the scenario where
other sources of pollutants exist. Parkinson et al. [35] described SAMBA (a state-of-
the-art monitoring station) and introduced a strategy for data acquisition of indoor
environment quality parameters. Shaban et al. [43] developed an intelligent sensing
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platform using low-cost air quality monitoring mote consisting of NO, and SO, as
measuring parameters. Tu et al. [50] designed the environment monitoring device
which measures CO,, temperature, and humidity. They developed a software which
interacts with the users for receiving and analyzing the parameters observed by the
hardware. Here, in most of the cases only NO,, CO,, and SO, are measured, but in
indoors, particulate matters is also an intensely affecting contaminant.

Usense by [3] relied on portable, low-cost sensor nodes equipped with gas sen-
sors for O;, CO, and NO,. But, the system has measured these three pollutants
with less data sampling rate (i.e. 30 min per data sample). Chen et al. [7] intro-
duced a sensing technique to measure the concentration of particulate matters using
Dylos-DC1700 sensor and evaluated the performance of heating, ventilation, and
air conditioning (HVAC) which was used for filtering particulate matters from out-
side. Besides, there are different devices commercially available in the market viz.
Airveda [29], Airbeam [2], Flow [39], Aeroqual [1] etc, which can measure some
pollutants concentration. Flow [39] can measure the concentration of PM, s, PM,j,
CO,, and VOC, Airveda [29] measures the concentration of PM, 5, PM,, CO,, with
humidity and temperature, Airbeam [2] is equipped with PM, 5, humidity and tem-
perature whereas Aeroqual [1] consists of two variants one is for indoors and other
for outdoors. From the observations of all the aforementioned works and devices, we
can broadly summarize that there exist two types of devices: firstly, the costly device
with more number of measuring parameters and others are cost effective devices
which can measure relatively fewer parameters. In our case, the classrooms are the
point of interest hence, the deployment of some cost effective devices is desirable.
That means, the deployment of costly devices will not be feasible. The other type
of devices (portable and cost effective) can not measure all the required pollutants
concentration especially the meteorological data such as temperature and humidity
which are highly correlated with indoor pollutants like CO, and PM, 5. As a result,
these devices will also not be feasible for indoor environment monitoring. Moreover,
the aforementioned devices are not suitable for indoors as well as outdoors because
of the measuring parameters being very restrictive in measurement and the data
regarding these parameters are not easily accessible.

Energy Aware EMD In a work by Jelicic et al. [25], an energy aware air qual-
ity monitoring system has been proposed by using a separate module which counts
the number of occupants. The Pyro-infrared (PIR) Sensor has been used to count
the number of people and modify the behaviour of the node to reduce the energy
consumption. They have used module of PIR sensor is used to capture the occu-
pancy information and a single PIR sensor cannot detect the number of people pre-
sent in a room so, multiple PIR sensor is required for exact count of inflow or out-
flow. Moreover, in our case we don’t require the exact count of people as, it would
be an extra add-on which consume extra energy apart from the EMD. Khedo and
Chikhooreeah [26] have used a Hierarchical Based Genetic Algorithm (HBGA) to
construct an energy efficient monitoring of indoor air quality. Authors have used the
algorithm to provide an energy efficient communication of the nodes of the WSN.
Vakiloroaya et al. [51] have proposed an energy aware HVAC system. Huynh [20]
proposed a technique to find a dilemma between the techniques of energy saving
of a building and indoor air quality. In this work the authors tried to achieve the
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low particles without modifying the existing mechanical ventilation by industrial
hygiene sampling techniques and selecting the priority pollutants as tracers. Revel
et al. [40] monitored the indoor air quality using ad-hoc sensors for different pol-
lutants which provides the optimal rules to control the actuators such as switching
on the ventilation, opening of windows, shutters operations and so on. Grace et al.
[15] proposed a fuzzy controller which controls the ventilation and air-conditioning
of a room by detecting the occupancy using the concentration of CO, in the room.
Wei and Li [53] developed a system to monitor the energy consumption of an intel-
ligent building with IoT. The system monitors the energy consumption during differ-
ent monitoring and communication interfaces. Yan et al. [54] proposed the adaptive
sampling of accelerometer in real-time depending upon the activity. They have pre-
sented the classification accuracy and energy overhead trade-off for different activ-
ity separately. Most of the works present in literature focused towards the energy
efficiency of the building. Some of them have used different nodes or module to get
the occupancy information etc., but in our scenario, the energy efficient air quality
monitoring device without any extra overhead or module is desirable.

Calibration of the device Sensor calibration has been a crucial step since the
last decade in the context of IoT and its applications. Alonso et al. [24] used an
infrastructural approach to filter out the noise from the stored sensor data. They
used Extensible Sensor Stream Processing (ESP) which consists of multiple pipe-
line stages(point, smooth, merge, arbitrate and virtualize) for filtering the data. But
the timlely processing of these stages is costly and time consuming. Kularatna and
Sudantha [27] used hardware calibration like zero air calibration and span calibra-
tion. In these methods, the devices should be calibrated before deployment. They
did not use any real-time calibration technique. The researchers [10] discussed the
results obtained for CO, NO, and estimation of total NO, concentration with the
multi-sensor device using multivariate correlation. Here, conventional air pollution
monitoring station is used to provide reference data.

Laurent et al. [46] proposed field calibration using linear regression, multi lin-
ear regression and artificial neural network whereas Tsujita et al. [49] provides an
auto calibration method using baseline shifting. In all the aforementioned works, the
calibration was done using either some hardware or software techniques. Moreo-
ver, energy aware calibration has not been performed in the literature for air qual-
ity based sensors to the best of our knowledge. Although, the combination of these
techniques can improve the reliability of the system. Hence, both types of calibra-
tion (hardware and software) is required to develop a desired system. On the other
hand, the aforementioned works did not consider spatial variations for calibrating
the devices in real time, irrespective of their locations.

8 Conclusion and Future Scope
Nowadays, indoor environment pollution is a major concern and to solve this prob-
lem, cost effective monitoring of air quality is very crucial. In this paper, (a) we

have developed a portable, cost effective device equipped with gas, particle, and
meteorological sensors, (b) we have used hard calibration as well as soft calibration

@ Springer



7 Page340f36 Sensing and Imaging (2023) 24:7

techniques to the zero shifting protection and real-time calibration of the devel-
oped device respectively with an accuracy of 89%. The developed EMD is made
energy-aware through incorporating the adaptive sampling rate feature. The EMD
is made intelligent enough to capture the behaviour of the classroom by monitoring
the rise and fall in the concentration of CO,. The EMD is then samples according to
the presence of the occupants in the classroom. It reduces the energy consumption
of the EMD by 45% with respect to the normal condition. The proposed method
increases the lifetime of the sensors by reducing the number of sensor triggering.
An spatio-temporal calibration technique is developed by considering the spatial
parameters of a classroom, and the proposed technique outperforms the baseline cal-
ibration techniques. The system provides an energy aware sensing but, the optimal
sensing needs further investigation on the optimal deployment of the EMDs which
further reduces the energy consumption. The proposed work also tries to determine
the optimal time period for re-calibrating the EMD so that the calibration process
need not be repeated multiple times blindly which ultimately make the whole system
an energy aware.
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