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Dense Air Quality Sensor Networks: Validation,
Analysis, and BeneÞts

Martha Arbayani Zaidan , Member, IEEE, Yuning Xie, Naser Hossein Motlagh , Bo Wang, Wei Nie,
Petteri Nurmi , Sasu Tarkoma , Senior Member, IEEE, Tuukka PetŠjŠ, Aijun Ding, and Markku Kulmala

Abstract —Air pollution is known to be harmful to human
health and the environment. Of�cial air quality monitoring
stations have been established across many smart cities
around the world. Unfortunately, these monitoring stations
are sparsely located and consequently do not provide high-
resolution spatio-temporal air quality information. This article
demonstrates how a dense sensor network deployment offers
signi�cant advantages in providing better and more detailed
air quality information. We use data from a dense sensor
network consisting of 126 low-cost sensors (LCSs) deployed
in a highly populated district in Nanjing, China. Using data
obtained from 13 existing reference stations installed in the
same district, we propose three LCS validation methods to
evaluate the performance of LCSs in the network. The meth-
ods assess the reliability, accuracy of tests, and failure and
anomaly detection performance. We also demonstrate how
the reliable data generated from the sensor network provides
deep insights into air pollution information at a higher spatio-
temporal resolution. We further discuss potential improve-
ments and applications derived from the dense deployment
of LCSs in cities.

Index Terms — Air quality, anomaly detection, low-cost sensors (LCS s), reference stations, sensor network, sensor
validation.

I. INTRODUCTION

A CCORDING to World Health Organization (WHO), air
pollution causes approximately 7 million deaths each

year. Of this, an estimated 4.2 million deaths are due to
outdoor exposure [1]. Air pollution is one of the leading
causes of adverse human health effects such as cardiovascular
and respiratory illnesses. Exposure to air pollution also has
other negative effects, for example, it has been shown to
degrade well-being and productivity [2] and it is believed to
be linked with an increased risk of COVID-19 infection [3].
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Beyond societal effects, air pollution has immense economic
consequences as it is associated with increased expenditure
in healthcare, including costs of treatment, diagnosis, and
medical insurance [4].

Mitigating the adverse effects of pollution requires a
detailed understanding of the sources, causes, and conse-
quences of pollutants, which in turn requires comprehen-
sive information about the concentration, distribution, and
characteristics of air pollutants. Conventionally, ofÞcial air
quality monitoring stations are installed in cities to study
the characteristics of pollutants in urban environments [5].
Unfortunately, due to the high costs of the instruments, their
operations, and maintenance, the number of installed ofÞcial
air quality monitoring stations in cities is limited. Thanks
to advances in communication and networking technologies,
and the Internet-of-Things (IoT) low-cost sensors (LCSs)
have emerged as an alternative that can be deployed on a
massive scale in cities. This deployment facilitates obtaining
hyperlocal air pollution information that can vary by more
than eight times within 200 m [6] and offers high resolution
of spatio-temporal air quality information [7]. In a massive
deployment approach, LCSs can be installed in strategic
locations in urban areas or the air quality data can be gath-
ered through crowd-sourced-based sensing [8]. Currently, the
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beneÞts massive-scale LCSs deployments can provide are not
sufÞciently understood. Indeed, while the beneÞts of LCSs
have been demonstrated in several studies, the existing works
have mostly used a limited number of sensors and extrapolated
the Þndings for larger sensor network deployments [9]. The
better understand the practical beneÞts and the usefulness of
massive-scale LCS deployments, there thus is a need to study
denser deployments, analyzing their practicality and beneÞts,
and the details they can provide. In massive deployments,
while sensors operate, they may encounter various challenging
issues. For example, sensors may malfunction, degrade over
time, and output inaccurate readings [10].

Analyzing the performance oflarge-scale deployments,
however, also poses its own challenges. In practice, LCSs
are not placed side by side with the reference instruments,
and therefore direct validation of LCSs against the reference
instruments is not feasible. The validation methods should
evaluate various states of sensor functions, such as sensorsÕ
reliability in a sensor network, and individual sensor val-
idations, including sensing accuracy, sensorsÕ failures, and
sensorsÕ anomalies. Sensor reliability indicates the general
performance of the sensors deployed in a network in providing
reliable air quality information on a larger scale (e.g., city
district). Accuracyindicates how well are the measurements
of an LCS in agreement with the measurement of a reference
instrument. Failure indicates to the LCSs when they stop
transmitting the data to the edge servers, whereas anomaly
refers to the LCSs which generate anomalous data patterns
in comparison to the measurements of reference instruments
(i.e., drift).

This article demonstrates the beneÞts of dense LCS deploy-
ments by performing a comprehensive sensors validation and
data analysis for a dense air quality sensor network. We collect
extensive air quality measurement datasets generated from
13 reference stations and 126 units of LCSs which are
deployed in Nanjing, China. Ours is among the densest deploy-
ments ever to be analyzed. To account for the challenges in
validating the beneÞts of deployments, we propose three meth-
ods of sensor validations including: 1) reliability investigation
(by means of statistical properties and correlation coefÞcients)
to evaluate all LCSs to observe if they provide reliable mea-
surements as a whole; 2) accuracy tests on few of LCSs which
are nearest to the reference stations; and 3) failure and anomaly
detection on individual LCSs to evaluate if they generate
reliable air quality data. The validation results demonstrate that
the sensor network is reliable as a whole and the accuracy tests
for pollutant variables PM10, PM2.5, and O3 explain that the
measurements of LCSs are reliable. We further highlight the
advantages of having such a dense sensor network in cities and
discuss the potential improvements and applications offered by
real massive sensor deployments. Among others, our results
show that dense deployments can facilitate detecting localized
pollution sources or hotspots and capture diurnal variations in
pollutant concentrations at different locations within the city.

II. MATERIALS AND METHODS

This section describes the materials and methods used
in this study. The materials provide information about the

Fig. 1. Sensors network map (left) and an LCS installed on the roof of a
building (right), in Gulou, Nanjing. R 1ÐR 13 indicates the 13 reference
stations.

measurement site, air quality sensors, and air pollution data.
The methods describe sensor clustering, air pollution models,
and the metrics used to evaluate the performance of sensors.

A. Measurement Site and Air Quality Monitoring
The measurement site where the sensors (i.e., reference

stations and LCSs) are deployed is located at the coordinates
of 32� 3�50��N 118� 45�5��E in Gulou, Nanjing, China (as shown
in Fig. 1). The district size is 54.18 km2 with the population
estimated at 1109600 in 2018. Given the population density,
obtaining reliable and high-resolution air quality information
would be beneÞcial for health exposure analysis as well as air
pollution risk and mitigation.

We use air quality data from two types of sensors including:
1) reference stations and 2) a dense LCS network.Fig. 1
depicts the sensor deployment, where the big colored bubbles
shown byR present the reference stations, and the small blue
bubbles present the LCSs deployed in the network. This dense
network consists of 13 reference stations (R) and 126 units
of LCSs. The picture on the right side of the Þgure also
shows an example of an LCS that is installed on the roof
of a building. The reference stations and LCSs are installed at
different strategic locations in Gulou, Nanjing. These locations
cover six different types of environments where we label them
with lettersAÐF, as presented inTable I.

The technology of LCSs is based on YSRDAQ-07 sensors
(Insights Value Technology Company Ltd.) [11]. The LCSs
are capable of measuring particulate matter (PM) including
PM10 (PM with an aerodynamic diameter of 10µm or less)
and PM2.5 (PM with an aerodynamic diameter of 2.5 µm or
less), ozone (O3), nitrogen dioxide (NO2), carbon monoxide
(CO), and sulfur dioxide (SO2). In addition, the reference
stations (labeled byR) are operated by the Chinese national
and standard monitoring stations. These stations measure the
concentrations of air pollutants such as PM10, PM2.5, CO,
NO2, O3, and SO2 [12]. The air quality data from these
reference stations were downloaded from the website of the
Chinese Environmental Protection Bureau.1 For our analysis

1http://www.cnemc.cn/
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TABLE I
ENVIRONMENTAL TYPES WHERE LCSS ARE INSTALLED

in this article, we gather hourly air quality datasets from the
sensorÕs measurements from March 1 to July 31, 2021.

In addition, we use this data to derive air quality index
(AQI) data which quantiÞes overall air quality based on all
ambient air pollutants in the monitored area. The two main
objectives of AQI are: 1) to inform and alert the public about
the risk of exposure to air pollution levels and 2) to enforce
required regulatory measures to mitigate the impacts [13].
Indeed, AQI is deÞned as the maximum of the indexes for
six criterion pollutants, including PM10, PM2.5, CO, NO2, O3,
and SO2 [14] which can be formulated as

AQI = max{IAQI1, IAQI2, IAQI3, . . . , IAQIn} (1)

where IAQI stands for an individual AQI andn is the number
of ambient air pollutants.

B. Sensor Clustering
In order to perform LCS validation, the LCS measurement

data should be compared to the ground-truth data generated
from the nearest reference stations. In our study, there are
13 reference stations (R) and 126 LCSs deployed in Gulou,
Nanjing, China. Since there are a considerable number ofRs
in a densely deployed LCSs network, we use this opportunity
to form sensor clusters and validate LCSs against their respec-
tive reference stations. Therefore, we form the sensor clusters
based on the nearest distances between LCSs and the reference
stations. To do this, we use the Haversine equation [15] that
calculates the shortest distance between two points over the
EarthÕs surface. The Haversine equation is given by

Dist = 2 RE arctan(
�

a,
�

(1 Š a)) (2)

wherea is calculated by

a = sin2(��/ 2) + cos� 1 cos� 2 sin2(��/ 2) (3)

whereRE is the EarthÕs radius (i.e., mean radius= 6 371 km),
and � and � are the latitude and the longitude, respectively.
Applying the Haversine equation on the coordinates of the
reference stations and LCSs, the distances between each LCS
(L ) to everyR can be calculated. As theR coordinates are
considered cluster centers, thus, eachL can then be assigned
to the nearest cluster center.

Table II presents 13 clusters (shown byR1ÐR13) and their
respective LCSsLs in those clusters. In the table, the labels
(i.e., numbering) of LCSsL are sorted in ascending order

TABLE II
LCSS (L ) GROUPED WITHIN CLUSTERS R 1 ÐR 13

TABLE III
AIC EVALUATED ON FOUR PROBABILITY DISTRIBUTIONS FOR

MODELING DIFFERENT AIR POLLUTANTS

based on their distances to their respectiveR. Note that the
clustering based on the Haversine equation does not list any
LCSs (L ) in the clusterR9. The reason is the long distances
between the LCSs toR9 compared toR5s. This is clearly
shown inFig. 1, by R9 andR5, presented with colors yellow
and magenta, respectively.

C. Air Pollutant Model: Weilbull Distribution
Once the clusters have been formed, LCS anomaly detection

can be applied by evaluating the LCSs measurements if they
lie at the outliersÕ regime of pollutantsÕ distributions at the
respective reference stations. The current scientiÞc understand-
ing suggests that air pollutant concentrations follow a right-
skewed distribution, and we consider the most commonly
considered families of distributions: Gamma, Log-normal,
Rayleigh, and Weibull distributions [16], [17], [18]. We deter-
mine the best Þtting distribution using the Akaike information
criterion (AIC) that is a widely used method for evaluating the
Þt of different distributions [19], including for air pollutant
concentrations [20], [21], [22]. The smaller the AIC value,
the better the Þt of the distribution.Table III presents the AIC
values of the four probability distributions when Þt on the
data of PM10, PM2.5, and O3 gathered from the 13 reference
stations. The best Þt in all cases is the Weibull distribution
and hence we use the Weibull distribution for modeling air
pollutant concentrations atthe reference stations (R).

The Weibull probability density function is mathematically
deÞned as

f (X; �, k) =

�
��

��

k
�

�
X
�

� kŠ1

expŠ(X/�) k
, X � 0

0, X < 0
(4)

where X represents the air pollutants measurement data. The
parameterk > 0 is the shape parameter and the parameter
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� > 0 is the scale parameter of the distribution. These
parameters can be estimated using the maximum likelihood
method. In addition, the quantile(inverse cumulative distrib-
ution) function for the Weibull distribution is

Q( p; �, k) = �( Š ln(1 Š p))1/ k (5)

for 0 � p > 1.

D. Sensor Performance Metrics
We use three metrics to evaluate the sensor perfor-

mances including biweight midcorrelation, mean absolute
error (MAE), and Spearman correlation. While the Þrst two
metrics are used to determine accuracy tests (Section III-B),
the third metric is used to evaluate the correlation between
pollutant variables for reliabilityinvestigation (Section III-A).
For two vectors of measurement data,X and X�, whereX =
{x1, x2, . . . , xN} and X� = { x�

1, x�
2, . . . , x�

N}, the performance
metrics can be calculated as follows.

1) Biweight Midcorrelation (Rb): This is a similarity metric
that is an alternative to Pearson correlation because it is more
robust to outliers. The biweight midcorrelation betweenX and
X�, that is, Rb(X, X�) can be computed by

Rb(X, X�)

=

	 N
i= 1 (xi Š med(x)) w(x)

i



x�

i Š med(x�)
�

w(x�)
i�

	 N
i= 1


(xi Š med(x))w(x)

i

� 2	 N
i= 1


(x�

i Š med(x�))w(x�)
i

� 2

(6)

where weightsw(x)
i andw(x�)

i are deÞned as

w(x)
i =



1 Š u2

i

� 2
I (1 Š | ui |) (7)

w(x�)
i =



1 Š v2

i

� 2
I (1 Š | vi |) (8)

where the notationI is the identity function, deÞned as

I (x) =

�
1, if x > 0

0, otherwise
(9)

and the notationsui andvi are deÞned as

ui =
xi Š med(x)

9 mad(x)
(10)

vi =
x�

i Š med(x�)

9 mad(x�)
. (11)

The notation med(x) is the median of a vectorx, whereas
the notation mad(x) is the median absolute deviation (MAD).

2) Mean Absolute Error: This metric is a measure of errors
between paired observations expressing the same measure-
ments. MAE can be calculated by

MAE =
1
N

N�

i= 1

| �xi Š xi |. (12)

The notationsx and �x are the data points obtained from the
reference instruments and the LCSs, respectively.

3) SpearmanÕs Rank Correlation CoefÞcient Analysis (Rs):
This metric evaluates how well the relationship between two
measured variables can be described using a monotonic func-
tion. The formula is given by

Rs = 1 Š
6

	
d2

i

N(N2 Š 1)
(13)

whereN is the number of measurement data points anddi =
rank(X) Š rank(X�) is the difference between two ranks of
each data (i.e.,X and X�).

III. SENSOR VALIDATIONS

In practice, LCSs that are deployed in the Þeld undergo
a laboratory calibration and some might even undergo Þeld
calibration while they operate. However, while the LCSs
operate in the Þeld, they may malfunction, witness drift,
or degrade over time. Thus, it is important to validate their
sensing accuracy while they are deployed and operating in the
Þeld [23], [24]. We next present sensor validation methods
applied to LCSs when they operate as part of a network.
First, we perform a reliability investigation to evaluate all
of the LCSs in a network to observe if they provide reliable
measurements as a whole compared to the measurements of all
of the reference stations. Second, we perform accuracy tests on
a few of the LCSs which are nearest to the reference stations.
These accuracy tests are then generalized to the remaining
LCSs in the sensor network as the LCSs are based on the same
sensing technology. Third, we perform failure and anomaly
detection on the individual sensors to evaluate which sensor
functions properly and generates reliable air quality data.

A. Reliability Investigation
The Þrst step for validating sensors is to study the reliability

of their measurements. Hence,we compare the overall mea-
surements of LCSs and the reference stations by means of their
statistical properties and their correlation analysis between
pollutants.

1) Statistical Properties of Pollutant Variables: We Þrst sum-
marize key characteristics of the measurement data gener-
ated at the reference stations (R) and the LCSs (L ). The
median values ofR and L are closely aligned, and also
the MAD valuesÑa common measure of precision in air
quality data [25]Ñare consistent, suggesting that the two types
of sensors produce very similar measurements. In contrast,
when we compare the mean and standard deviation of the
measurements, more variation is observed. This suggests that
the measurements also contain some outliers or abnormal
events, even if on a whole the measurements are similar.
The existence of outliers is also supported by the skewness
of the data, which shows the distributions to be consistently
right-skewed but that the LCSs tend to have higher tailsÑ
a common indicator of outliers. As can be expected, the
consistency of the high-quality instruments (R) is higher than
that of the LCSs (L ) which can be observed from the lower
standard deviation.

We also analyze the uncertainty of the measurements by
considering the standard error of the mean (CI in the table).






















