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The detection and monitoring of odorants and/or chemical
pollutants in the environment have become amajor challenge
to scientific community of modern developed and devel-
oping countries of the world. Billions of tons of organic
and inorganic chemical pollutants are released into the air,
water, and soil, annually resulting in widespread potential
health hazards to plants, animals, and humans worldwide.
Monitoring of environmental pollution is necessary and
considered a crucial element in the assessment of air quality
in cities and rural areas.

The field of environmental monitoring and control
encompasses a broad range of activities, including the
detection of a variety of gases—CO, NO

𝑥
, NH
3
, and the

particularly challenging case of CO
2
. Sensing systems have

been developed for all of these applications, but this Special
Issue is focused on the employment of gas and liquid sensors,
electronic noses/tongues, wireless sensor networks, and other
systems to monitor and control airborne volatile compounds
that are released when waste products are dumped in water,
soil, or air.

The published papers deal with the development of sen-
sors and wireless sensor networks for environmental applica-
tions. The first paper of this Special Issue addresses the water
pollution source localization using wireless sensor networks.
In this paper, a study on water pollution source localization
is presented. Firstly, the source detection is discussed. Then

the coarse localizationmethods and the localizationmethods
based on diffusion models are introduced and analyzed,
respectively, and both methods are compared.

The second paper is on the development of comprehen-
sive water-quality monitoring system that employs a smart
network management, nanoenriched sensing framework,
and intelligent and efficient data analysis and forwarding
protocols for smart and system-aware decision making.

The third paper presents an air pollution monitoring
system for subway stations of Seoul (Korea) based on envi-
ronmental sensors in order to preserve the health of com-
muters in the subway system. In this study, the accuracy of an
instrument for particulate matter (PM) measurement using
the light scattering method was improved with the help of a
linear regression analysis technique to continuously measure
the PM10 concentrations in subway stations. In addition,
an air quality monitoring system based on environmental
sensors was implemented to display and record the data of
PM10, CO

2
, temperature, and humidity.

The fourth paper presents an algorithm that is proposed
to improve the localization of the unknown position nodes
in wireless sensor networks by using fixed and mobile guide
nodes (nodes with known position). To evaluate the profi-
ciency, the proposed algorithm has been successfully studied
and verified through simulation. Low cost, high accuracy, low
power consumption of nodes and complete coverage are the
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benefits of this approach, and long term in localization is the
disadvantage of this method.
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José Pedro Santos



Research Article
Improving Localization in Wireless Sensor Network Using Fixed
and Mobile Guide Nodes

R. Ahmadi,1 G. Ekbatanifard,2 A. Jahangiry,3 and M. Kordlar4

1Department of Computer Engineering, Islamic Azad University, Rasht Branch, Rasht, Iran
2Department of Computer Engineering, Islamic Azad University, Lahijan Branch, Lahijan, Iran
3Department of Computer Engineering, Islamic Azad University, Qom Branch, Qom, Iran
4Young Researchers and Elite Club, Islamic Azad University, Tabriz Branch, Tabriz, Iran

Correspondence should be addressed to R. Ahmadi; ramin mcm2003@yahoo.com

Received 29 May 2016; Accepted 20 July 2016

Academic Editor: Constantin Apetrei

Copyright © 2016 R. Ahmadi et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Wireless sensor network contains very large number of tiny sensors; some nodes with known position are recognized as guide
nodes. Other nodes with unknown position are localized by guide nodes. This article uses the combination of fixed and mobile
guide nodes in wireless network localization. So nearly 20% of nodes are fixed guide nodes and three nodes are intended as mobile
guide nodes. To evaluate the proficiency, the proposed algorithm has been successfully studied and verified through simulation.
Low cost, high accuracy, and low power consumption of nodes and complete coverage are the benefits of this approach and long
term in localization is the disadvantage of this method.

1. Introduction

With recent advances in wireless electronics and trans-
mission, designing and manufacturing of wireless sensors
with low power consumption, small size, reasonable price,
and various applications have become popular. These small
sensors with the abilities such as receiving environmental
information based on the sensor type and processing and
sending data have caused the creation of networks type
which is called wireless sensor networks.The issue of location
evaluation or spatial coordinate of wireless sensors is called
localization. In the past few years, localization in wireless
sensor network has become a widespread researchable field.
knowing the position of nodes in WSN is necessary for
some applications and protocols, for example, in tracking and
inquiry [1]. Due to the random distribution of nodes and
even themobility of them in some applications an appropriate
localization algorithm is needed [2]. A lot of works have been
done in the area of localization and related issues but various
presented algorithms need extra hardware. For example, in
[3] destination measurement hardware is required and [4]
needs angle measurement hardware. Method used in [5]
needs a movable hardware and in [6, 7] a send-range radio

hardware is used. Generally, many localization schemes use
fixed stations but in some others the position of sensor nodes
is determined bymobile stations. In this article, a localization
algorithm is proposed which uses fixed and mobile guide
nodes to determine the position of nodes with remarkable
speed and accuracy. The proposed algorithm is composed of
two phases: in the first stage, the position of nodes will be
determined by fixed guide nodes and in the second phase the
position of the remaining unallocated nodes of the first stage
will be determined by mobile guide nodes.

The rest of this paper is organized as follows: Section 2
presents relatedwork.The proposed schemewill be described
in Section 3.The simulationmodel and experiment results are
presented in Section 4. Section 5 concludes this paper.

2. Related Work

Many localization methods contain two phases. In the first
phase, the distances and angles of known position nodes
and the node that is going to be localized are mapped.
The first phase is known as the measurement phase. In the
second phase, the distances or mapped angles are combined
to determine the position of node. This phase is known
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as positioning phase. Some existing methods for mapping
phase are as follows: time differences of arrival signal [8],
time of arrival signal [9], angle of arrival signal [10], and
received signal strength [11]. Depending on the method used
for mapping, an individual positioning technique is used
in the second phase. The most widely used techniques of
these techniques for second phase are trilateral approach [12],
pentagon method [13], the maximum probability technique
[14], and triangulation method [15]. For example, in [16] by
using fourmobile guide nodes the position of unknown node
is acquired. In this algorithm nodes determine their positions
by receiving signals from guide nodes. The guide nodes
are equipped with global positioning system. This algorithm
uses received signal strength in first phase and pentagon
method in second phase. In [17], a method is presented that
finds the unknown positions without using GPS, as follows:
(1) having a distance and a direction (angle), (2) having
two points and their angle, and (3) having the distance of
three required points. A different method is represented in
[18] which calculates the location of unknown nodes by
weighting that is based on the connectivity with the known
positioning nodes and placement with maximum weighted
node. In this algorithm the adjacency matrix is used to
determine neighborhood nodes before localization. In this
network nodes canmove partially. After completing location,
the current map is compared with adjacency matrix, and if it
is incompatible the node will locate on its original place by
tensile and buoyancy equations.

3. The Proposed Algorithm

In this algorithm the network contains 𝑁 nodes and two
types of nodes are used for localization: stationary guide node
and mobile guide node. The proposed algorithm uses radio
frequency to measure the distance between unknown node,
mobile guide node, and located node by using two stages:
in the first step, both stationary and mobile guide nodes
are considered as stabile and do the locating. In the next
step, the mobile guide nodes start to move and locate the
remaining nodes of unknown position from the first step. To
improve the speed of locating for each node in the network
state flag of 1 or 0 can be defined. As a consequence, before
starting positioning the identifier of guide nodes is one and
for the other nodes it is zero. The identifier of located nodes
will change from zero to one. In the second stage sensor
nodes evaluate their identifier state by receiving signal from
mobile stations. If the value of identifier is zero the node
will participate in the process of locating; otherwise it would
not do anything. The proposed algorithm is based on the
assumptions below.

Fixed nodes are self-organized and establish contingency.
Threemobile base stations broadcast their position’s informa-
tion to the sensor node. Mobile base stations are equipped
with GPS and radio frequency (RF) transmitter compared
to the fixed nodes that are equipped with RF receiver. The
mobile station is not restricted to the energy.

3.1. Number of Guide Nodes. The number of nodes in the
specified area is important, because if the number of guide

Table 1: Value of 𝛼 in different environments.

Environment 𝐴
Outdoors
Free 2
Jungle 2/7–5

Indoors
Unobstructed 1/6–1/8
Obstacles 4–6

nodes is high, it can cause conflict; otherwise locating time
will be increased. In order to solve this problem, (1) is used.
Consider

𝜇 (𝑅) = 𝑁𝜋𝑅2𝐴 , (1)

where 𝑁 is the number of nodes, 𝐴 is area, and 𝑅 is the
maximum range of node radio communication.

3.2. Distance Measurement. The destination is measured by
RSSI which is sent from fixed and mobile guide node. After
receiving RF signal by the fixed node, fixed node will measure
the received signal strength to measure the distance.

𝐸Tx (𝐾,𝐷) = 𝐸Tx-ELEC (𝐾) + 𝐸Tx-AMP (𝐾,𝐷)
𝐸Tx (𝐾,𝐷) = 𝐸ELEC ∗ 𝐾 + LAMP ∗ 𝐾 ∗ 𝐷𝛼
𝐸Rx (𝐾) = 𝐸Rx-ELEC (𝐾)
𝐸Rx (𝐾) = 𝐸ELEC ∗ 𝐾
𝐸Rx = 𝐺 ⋅ 𝐸Tx𝐷𝛼
BER = 0.5𝐸(−0.5𝐸Rx/𝐸Tx),

(2)

where 𝐸Tx-ELEC and 𝐸Rx-ELEC are, respectively, one-bit trans-
mit energy and one-bit received energy,𝐺 and LAMP are radio
signal amplification factor, 𝐷 and 𝐾 are, respectively, the
distance between two nodes and the number of transmitted
bits, BER denotes bit error rate, and 𝛼 shows the dissipation
factor of environment which can be obtained by Table 1.

Distance of two nodes can be calculated by using (2).
Hence by using (3) and three points of mobile base station or
three distances between fixed located nodes which cooperate
in localization of other nodes and other nodes with unknown
position, localization can be done.

(𝑥 − 𝑥1)2 + (𝑦 − 𝑦1)2 = 𝑑21
(𝑥 − 𝑥2)2 + (𝑦 − 𝑦2)2 = 𝑑22
(𝑥 − 𝑥3)2 + (𝑦 − 𝑦3)2 = 𝑑23,

(3)

where (𝑥1, 𝑦1), (𝑥2, 𝑦2), and (𝑥3, 𝑦3) are locations of mobile
stations, (𝑥, 𝑦) is the position of receiver node, and 𝑑1, 𝑑2,
and 𝑑3 are the distances between the mobile node and the
fixed nodes.
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3.3. Measurements. Five different kinds of measurement are
used to evaluate the performance of localization algorithm.

(1) The Average of Positioning Error. The average difference
between estimated location (𝑋ei − 𝑌ei) and the exact position(𝑋𝑖 − 𝑌𝑖) of all sensor nodes is specified.

Δ𝐸av =
∑𝑁𝑖=1 2√(𝑋ei − 𝑋𝑖)2 + (𝑌ei − 𝑌𝑖)2

𝑁 , (4)

where𝑁 represents the total number of fixed sensor nodes.

(2) The Average of Energy Consumption. It is defined as
follows:

𝑃av = ∑
𝑁

𝑖=1 𝐸𝑖
𝑁 , (5)

where 𝐸𝑖 illustrates the energy consumption of fixed node 𝑖.
(3) The Average of Throughput. It is defined as follows:

𝑅av = ∑
𝑁

𝑖=1 𝑅𝑖
𝑁 , (6)

where 𝑅𝑖 is the throughput of fixed node 𝑖.
(4) Location Duration.The average time to locate all network
nodes is called execution time. Time unit is considered as
second. To find out the average time of a node location the
values should be divided into𝑁-𝐻, where𝐻 represented the
number of guide nodes.

(5) Success Rate of the Algorithm. The success rate is the
percentage ratio of successful tests number to the total tests
number.

3.4. Base Point Selection. In Figure 1, the unknown node
calculates its position based on three fixed or mobile guide
nodes, 𝑆1, 𝑆2, and 𝑆3. Unlike similar algorithms three mobile
guide nodes are used in localization.The proposed algorithm
avoids situations of placing guide nodes on a line or placing at
least two guide nodes in the sameposition during localization.

4. Simulation Results

In this section by using simulation we will describe some
of the main concepts of the proposed algorithm such as
error location, energy consumption, throughput, location
duration, and success rate of the algorithm.

4.1. Simulation Condition. In order to evaluate the effects
and efficiency of our proposed algorithm we implement it
in MATLAB R2009a. The radio range of nodes is equal
to 𝑅 and the number of guide nodes is shown by 𝐻. The
values of 𝑅 and 𝐻 are given as input in the program. 100
nodes are placed randomly within a 100 ∗ 100m2 area as
shown in Figure 2. The mobile nodes are equipped with
GPS, radio frequency, and capability of moving like curve
from the middle region. Each fixed node is equipped with

S3

S2

S1

d1

d2

d3

S

Figure 1: Calculation of node position using both fixed location
nodes and mobile base station.

Sensor node
Fixed guide nodes
Mobile guide nodes

100

80
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40
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0
120

x

y

100806040200

Figure 2: Nodes random distribution.

radio frequency receiver. The mobile nodes have no limited
energy and all fixed sensor nodes need to store their energy.
Experiments were performed for different values of𝑅 and the
results are presented in Figures 3–5. The results presented in
each case are the mean of 30 repeated experiments. To show
the efficiency of the proposed algorithm, we compare it with
different algorithms; the results are shown in Figures 3–5.The
first algorithm shows the localization with only fixed guide
nodes.The second algorithm shows the localizationwith only
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Figure 4: The average of energy consumption.

three mobile guide nodes and the next two algorithms are
Ssu’s and Yu’s methods which are mentioned in [8, 19].

4.2. Simulation Results. In this part the simulation result will
be shown.

Random distribution of nodes within a 100∗100m2 area
which are located by mobile and fixed guide nodes is shown
in Figure 2.

(1) Throughput. The total throughput of the five algorithms
is simulated and the results are shown in Figure 3. High
performance of the proposed and the first algorithm is
clear because they just need three distances to base points.
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Figure 5: The average of localization error.

Therefore they are less affected by internal transfer of the
package compared to the three other projects.

(2) The Average of Energy Consumption. The main energy
consumption is during packet receiving and transmission.
The calculations consume less energy which can be ignored.
The average energy consumption of the proposed method
in comparison to the four other algorithms is shown in
Figure 4. The simulation results show that the energy usage
in the proposed and the first algorithms is less than the
other three, because, in the proposed and the first algorithms,
fixed sensor node is required to receive the position which is
distributed by three actual based points, while, in the others,
fixed nodes consistently receive the massages to calculate
station’s locations.

(3) The Average of Localization Error. In all localization
algorithms, the sensors position is calculated based on points,
received by the packets from mobile and fixed guide nodes.
Therefore internal packet transmission is strongly influenced
by accurate positioning. Figure 5 shows the average of
localization error on different times. Simulation results show
that the proposed and the first algorithms are highly efficient
compared to the others.

5. Conclusion and Future Works

This paper presents an algorithm with a good performance
that locates sensor nodes by using mobile and fixed guide
nodes. To evaluate the performance, four algorithms are
presented and their performance is compared with the
proposed algorithm. The results of simulation indicate that,
by increasing the density (number of 𝑅), error decreases.The
proposed and the first algorithms are similar in throughput,
average energy consumption, and average positioning error
and much better than the three other algorithms. In terms
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of location duration the proposed algorithm has better per-
formance than the second algorithm but lower performance
in comparison to the first algorithm. The success rate of
the proposed algorithm is extremely better compared to the
first algorithm. Due to the fairly good performance of the
algorithm especially in success rate of locating, it can be used
to simulate a networkwith the real transmission radius, when
more information and details of environment are needed. For
the future work, by integrating two stages of the proposed
method and simultaneously localization of fixed and mobile
nodes the location period will greatly reduce. The problem
that may likely appear will be the overlap of fixed and mobile
guide nodes. In order to solve the problem, fixed guide nodes
can be used for locating intermediate nodes andmobile guide
nodes can be used for other nodes.
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The water pollution source localization is of great significance to water environment protection. In this paper, a study on water
pollution source localization is presented. Firstly, the source detection is discussed. Then, the coarse localization methods and
the localization methods based on diffusion models are introduced and analyzed, respectively. In addition, the localization method
based on the contour is proposed.Thedetection and localizationmethods are compared in experiments finally.The results show that
the detectionmethod using hypotheses testing is more stable.The performance of the coarse localization algorithm depends on the
nodes density.The localization based on the diffusionmodel can yield precise localization results; however, the results are not stable.
The localization method based on the contour is better than the other two localization methods when the concentration contours
are axisymmetric. Thus, in the water pollution source localization, the detection using hypotheses testing is more preferable in the
source detection step. If concentration contours are axisymmetric, the localization method based on the contour is the first option.
And, in case the nodes are dense and there is no explicit diffusion model, the coarse localization algorithm can be used, or else the
localization based on diffusion models is a good choice.

1. Introduction

Water pollution, one of the accident-prone man-made dis-
asters, is attaining more and more attention. The pollution
source localization in water is of great importance in water
conservation.There are many existing water pollution source
detection and localization methods, such as robots under
water and artificial detection. However, underwater robots
are expensive and prone to failure and thus cannot keep
working. And artificial detection is time-consuming and
vulnerable to water terrain and weather conditions. As a
result, sensor networks are applied in the pollution source
localization to overcome the deficiencies of the two methods.
The advantages of sensor networks include the following: the
node distribution is relatively dense; the monitoring range is
large; and the monitoring is not restricted by geographical
locations [1, 2].

The problem of water pollution source localization is how
to locate the pollution source based on the known parameters

such as node locations, sampling times, and sensing values
of nodes. In the pollution source localization, the pollution
source detection is the premise of the source localization.
Only when the pollution source has been detected can the
monitoring values of nodes be used in the pollution source
localization.

In this paper, a study on the water pollution source
localization in sensor networks is presented. The localization
problem is discussed theoretically and practically. Firstly, the
source detection problem is studied. Then, different water
pollution source localization methods are introduced and
analyzed. Finally, different source detection and localization
methods are tested and compared in the experiments.

2. Pollution Diffusion in Water

In most cases, water pollution disasters are caused by the
static source which discharges the sewage clandestinely.
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Figure 1: The concentration field without boundary constraints.

Before choosing a source localization method, the physical
processes of the pollution diffusion must be known.

The diffusion of pollutants in static water is slow, while in
flowwater the pollutantsmigrate withwater and the diffusion
is relatively faster.

In different backgrounds, the diffusion is different as
well. In this paper, three typical examples are displayed: the
diffusion without boundary constraints in static water, the
diffusion with a boundary constraint in static water, and the
diffusion with water flow. The diffusion with a boundary
constraint is different from the diffusion without boundary
constraints. Figures 1 and 2 show the diffusion simulations
in MODFLOW [3, 4] which is standard software for the
hydrological simulation of pollution diffusion. As shown
in the figures, when the diffusion is not affected by the
boundary, the concentration contours in the diffusion field
are approximate circles; and as time goes on, the diffusion is
influenced by the boundary, and the concentration contours
deform.

An example of the case shown in Figure 1 is the following:
in shallowwater, there is an instantaneous source at (𝜁, 𝜂), the
mass of the pollutant is𝑀, and the diffusion coefficient is 𝐷.
The concentration at (𝑥

𝑖
, 𝑦
𝑖
) is [5]

𝐶 (𝑥
𝑖
, 𝑦
𝑖
, 𝑡) =

𝑀

4𝜋𝐷 (𝑡 − 𝑡
0
)

⋅ exp{−
1

4 (𝑡 − 𝑡
0
)𝐷

[(𝑥
𝑖
− 𝜁)
2
+ (𝑦
𝑖
− 𝜂)
2
]} ,

(1)

where 𝑡
0
is the initial diffusion time and 𝑡 is the current time.

An example of the case shown in Figure 2 is the following:
in shallow water, the water depth is 𝑓, there is a continuous
source at (𝜁, 𝜂) with the mass flow rate of the pollutant 𝑀
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Figure 2: The concentration field with a boundary constraint.

and the diffusion coefficient is𝐷.The concentration at (𝑥
𝑖
, 𝑦
𝑖
)

is [5]

𝐶 (𝑥
𝑖
, 𝑦
𝑖
, 𝑡)

=
𝑀
0

2𝑓√𝜋𝐷

[
[

[

1

𝑟 (𝑥
𝑖
, 𝑦
𝑖
)
erfc(

𝑟 (𝑥
𝑖
, 𝑦
𝑖
)

2√𝐷 (𝑡 − 𝑡
0
)
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+
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𝑖
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𝑖
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0
)

)
]
]

]

,

(2)

where 𝑟(𝑥
𝑖
, 𝑦
𝑖
) = √(𝑥

𝑖
− 𝜁)
2
+ (𝑦
𝑖
− 𝜂)
2, 𝑟−(𝑥

𝑖
, 𝑦
𝑖
) =

√(𝑥
𝑖
+ 𝜁)
2
+ (𝑦
𝑖
− 𝜂)
2, and the erfc function with variable 𝜆

is

erfc (𝜆) = 1 − erf (𝜆) = 1 −
2

√𝜋
∫
𝜆

0

𝑒
−𝛾
2

𝑑𝛾. (3)

In dynamic water, the contaminants migrate with flow
water. An example is that, in shallow water, the water flow
is along the 𝑦 direction with the flow rate 𝑢, there is an
instantaneous source at (𝜁, 𝜂), the mass of the pollutant is𝑀,
and the diffusion coefficient is𝐷.The concentration at (𝑥

𝑖
, 𝑦
𝑖
)

is [5]

𝐶 (𝑥
𝑖
, 𝑦
𝑖
, 𝑡)

=
𝑀

4𝜋𝐷
exp {−

1

4𝑡𝐷
[(𝑦
𝑖
− 𝜁 − 𝑢𝑡)

2
+ (𝑥
𝑖
− 𝜂)
2
]} .

(4)

In this case, as the diffusion is affected by the flow,
the pollution locates on one side of the source, and the
concentration field is as shown in Figure 3.
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Figure 3: The concentration field in dynamic water.

The cases introduced above are the special ones in which
the diffusion can be specified by explicit diffusion models. In
most cases, the diffusion is influenced bymany factors such as
shearing flow, turbulent flow, and dispersion, and it is difficult
to specify the diffusion processes by diffusion models with
explicit expressions.

3. Pollution Source Localization

In this part, the background information about the sensor
network is given firstly, followed by the pollution detection,
and the pollution source localization methods are suggested
at last.

3.1. Network Deployment. The self-organizing sensor net-
work is used to monitor the pollution in the water. 𝑁 (>5)
sensor nodes are deployed in the monitoring area uniformly
and the type of the pollutant to be monitored is known
previously. The detection sensors which are stretched into
water are identified. The locations of the nodes are fixed.
After the initialization, the sensor nodes know their own
positions. All static nodes in the network sample and store
the concentration values synchronously with the same time
interval. The background information such as the diffusion
coefficient, the water depth, and the sampling time interval is
known previously.The upper computer is the data processing
center, and the monitoring information is routed to the sink
node and processed by the data center. Literatures [6, 7] are
the references for the specific self-organizing scheme anddata
routing scheme.

3.2. The Detection Methods. The detection problem is as
follows: based on the known sampling data {�̃�(𝑥

𝑖
, 𝑦
𝑖
, 𝑡
𝑙
), 𝑙 =

ℓ, ℓ+1, ℓ+2, . . . , ℓ+𝐿} of node (𝑥
𝑖
, 𝑦i), whether the node finds

the water pollution source at time 𝑡
ℓ+𝐿

is tested. �̃�(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙
) =

𝐶(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙
) + 𝐶

0
+ 𝑒, where 𝐶

0
is the initial pollutant

concentration in water, 𝑒 ∼ 𝑁(0, 𝛿2) is the monitoring noise,
and 𝐶(𝑥

𝑖
, 𝑦
𝑖
, 𝑡
𝑙
) is the theoretical concentration value.

(A) The Simple Detection Method. The current detection
method available is the simple detection method, for exam-
ple, in water pollution monitoring applications by using
sensor networks [8–13]. In these efforts, the authors consider
that if the nodes have monitoring values or the monitoring

values are larger than a given threshold 𝛼
, there is a pollution

event.
Since there is an initial pollution concentration in normal

production and life, when the sensor nodes have monitored
relevant information, it cannot be deduced that there exists
pollution generated by a pollution source. At the same
time, in the water environment, there are plankton, garbage,
aquatic animals and plants, and so forth, which intervene in
water pollution monitoring and bring about disturbances to
the monitoring data. Therefore, it is difficult to determine an
empirical threshold in the simple detection method. If the
given value is less than the pollution concentration of normal
production and living sewage, it will induce high false report
rate. And if the given value is too large, the water area will be
heavily stained when the network alarms the pollution risk.

(B)TheDetection Based onMonitoring Data. To overcome the
defects of the simple detectionmethod, the detectionmethod
based on hypothesis testing can be used.

The present author once gave a simple detection method
by using hypothesis testing [14] and in the work it is assumed
that the distribution of noise 𝑒 is known. However, in the
practical environment, 𝛿 is often unknown. The work in this
paper can handle this problem and the specific method is as
follows.

Investigate the mean value 𝜇
𝑘
of the monitoring data

�̃�(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
ℓ+𝑘

) − �̃�(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
ℓ
), 𝑘 = 1, 2, . . . , 𝐿. The binary

hypotheses are given by

𝐻
(1)

0
: 𝜇
𝜅
= 0,

𝐻
(1)

1
: 𝜇
𝜅

̸= 0.

(5)

The test statistic is

𝐺
1
=

𝐶
𝜅

𝑆
𝜅
√𝐿

, (6)

where 𝐶
𝜅
= (1/𝐿)∑

𝐿

𝑘=1
(�̃�(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙+𝑘

) − �̃�(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙
)) and 𝑆2

𝜅
=

(1/(𝐿 − 1))∑
𝐿

𝑘=1
(�̃�(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙+𝑘

) − �̃�(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙
) − 𝐶
𝜅
)
2.

If the concentration variation satisfies
𝐺1

 ≥ 𝑡
𝛼/2 (𝐿 − 1) , (7)

that is, when 𝑃(|𝐺
1
| ≥ 𝑡
𝛼/2

(𝐿 − 1)) = 𝛼, reject 𝐻(1)
0
, and it is

deduced that the node has detected the pollution source.Note
that 𝛼 is a given significance level and 𝑡

𝛼/2
is the 𝛼/2 quantile

of 𝑡-distribution.
In hypotheses testing, there are some empirical values of

the significance level [15]. As the detection based on sensing
data is to test the difference between sensing values, it does
not care about the initial pollution concentration in normal
production and living sewage, and the detection accuracy is
not influenced by a single sample.

3.3. The Source Localization Methods

3.3.1. The Coarse Localization Algorithms and the Local-
ization Based on Diffusion Models. The coarse localization
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algorithms and the localization methods based on diffusion
models are often used in water pollution source localization.

(A) The Coarse Localization Algorithms

(1) The Maximum Monitoring Value Point Approach (MPA)
[16]. As the sensor node with themaximummonitoring value
is always very close to the pollution source, the location of
the sensor node with the maximum monitoring value in the
network is the source location.

(2) The Earliest Detection Point Approach (EPA). The source
location is the location of the sensor node which detects the
pollution the first time.

(B) The Localization Algorithms Based on Diffusion Models.
The mathematical localization algorithms are based on the
diffusion models, such as [17–20].

If 𝐶(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙
, 𝜁, 𝜂) is the theoretical concentration of node

(𝑥
𝑖
, 𝑦
𝑖
) provided by the diffusion model, �̃�(𝑥

𝑖
, 𝑦
𝑖
, 𝑡
𝑙
) =

𝐶(𝑥
𝑖
, 𝑦
𝑖
, 𝑡
𝑙
, 𝜁, 𝜂) + 𝜃 is the corresponding monitoring value

with noise 𝜃, and 𝑓
𝑗
(𝜁, 𝜂), 𝑗 = 1, 2, 3, . . ., is the related

constraints of (𝜁, 𝜂), under assumptions of whether the
distributions of the measurement noise are known or not
and the distributions are normal distributions or not, there
are many estimation methods that can be available, such as
Maximum Likelihood estimation [21], Bayesian estimation
[22, 23], Extended Kalman filter [24], and Least Squares. The
commonly used one is the Least Squares as follows:

min
𝜁,𝜂

𝑛

∑
𝑖=1

[�̃�
𝑖
− 𝐶 (𝑥

𝑖
, 𝑦
𝑖
, 𝜁, 𝜂)]

2

s.t. 𝑓
𝑗
(𝜁, 𝜂) , 𝑗 = 1, 2, 3, . . . .

(8)

The advantage is that thismethod is simple and can be applied
in the practical applications when the distribution of 𝜃 is
unknown.

3.3.2. Analyses on the Localization Methods Above

(A) The Coarse Localization Algorithms. The premise of
the coarse localization algorithms is that small sampling
errors occur to the MPA node and the EPA node. And
the localization accuracy depends on the density of nodes.
Theoretically, if the nodes are dense enough and there is a
sensor node at any location in the water area, the pollution
source localization would be very accurate.

For the coarse localization algorithms, when the pollution
source is in the monitoring area (as shown in Figure 4), the
location error is 0 ∼ √2𝑑, where 𝑑 is the distance between
the two farthest neighbor nodes. When all the nodes are far
from the pollution source (as shown in Figure 5), the coarse
localization algorithms fail to show the accurate estimation.
Thus, the location errors are related to the distance of the
source from the monitoring area.

The sensor node
The source

The flow direction

Figure 4: The pollution source in the monitoring area.

The sensor node
The source

The flow direction

Figure 5: The pollution source off the monitoring area.

(B)TheAlgorithms Based on DiffusionModels. In the localiza-
tion algorithms based on diffusion models, there are two key
points.

(1) Determining the DiffusionModel. In practical applications,
the diffusion is sophisticated. In many cases, there are no
explicit mathematical models of the diffusion.

And, actually, one reason for estimation errors in the
localization based on diffusion models is that the theoretical
diffusionmodels are under ideal hypotheses andnot accurate.

(2)How to Solve theMathematical Problem of the Localization.
For example, if the localization problem is a nonlinear Least
Squares problem, there are many solving algorithms, such
as the interior point trust-region method [25], Levenberg-
Marquardt method [26], and Reflective Newton method
[27]. The results are always different when different solving
algorithms are used and the number of iterations in numer-
ical calculation is different. In most cases, the unknown
parameters are not only source positions but also the mass
flow rate and the initial diffusion time, which bring about
coupling interferences in the estimation.

3.3.3. The Localization Algorithms Based on the Contour.
Combining with the above analyses, there aremany problems
in the coarse localization algorithms and the localization
based on diffusion models. In this paper, a localization
algorithm based on the concentration contour is proposed
when the concentration contours are axis-symmetric, like the
contours shown in Figures 1 and 2. The localization method



Journal of Sensors 5

is independent of the diffusionmodels and is discussed in the
cases below.

(A) The Source Localization Based on the Contour in Static
Water. The rectangular coordinate system is as shown in
Figures 1 and 2; if there is a bank, the direction along the bank
is 𝑦. Under the rectangular coordinate system, the symmetry
axis is 𝑦 = 𝜂. The location of the diffusion source (𝜁, 𝜂) is on
the axis of symmetry.

First, if there are two nodes (𝑥
1
, 𝑦
1
) and (𝑥

1
, 𝑦
2
) with

the same 𝑥-coordinate value on the same contour, it can be
obtained that

𝜂 =
𝑦
1
+ 𝑦
2

2
. (9)

Second, even if there is concentration superimposed
effect, the points far from the bank on the contour
are still on a circle. Choose any 𝑛 points marked as
(𝑥
1
, 𝑦
1
), (𝑥
2
, 𝑦
2
), (𝑥
3
, 𝑦
3
), . . . , (𝑥

𝑛
, 𝑦
𝑛
) to locate the pollution

source; one can obtain

(𝑥
1
− 𝜁)
2
+ (𝑦
1
− 𝜂)
2
= 𝑟
2
,

(𝑥
2
− 𝜁)
2
+ (𝑦
2
− 𝜂)
2
= 𝑟
2
,

...

(𝑥
𝑛
− 𝜁)
2
+ (𝑦
𝑛
− 𝜂) = 𝑟

2
,

(10)

where 𝑟 is the circle radius. And it can be written as

𝑥
2

1
− 𝑥
2

𝑛
+ 𝑦
2

1
− 𝑦
2

𝑛
− 2 (𝑥
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𝑛
) �̂� − 2 (𝑦

1
− 𝑦
𝑛
) 𝜂 = 0,

𝑥
2

2
− 𝑥
2

𝑛
+ 𝑦
2

2
− 𝑦
2

𝑛
− 2 (𝑥

2
− 𝑥
𝑛
) �̂� − 2 (𝑦

2
− 𝑦
𝑛
) 𝜂 = 0,

...

𝑥
2

𝑛−1
− 𝑥
2

𝑛
+ 𝑦
2

𝑛−1
− 𝑦
2

𝑛
− 2 (𝑥

𝑛−1
− 𝑥
𝑛
) �̂�

− 2 (𝑦
𝑛−1

− 𝑦
𝑛
) 𝜂 = 0.

(11)

It can be obtained that

�̂� =
1

𝑛 − 1

𝑛−1

∑
𝑖=1

(𝑥2
𝑖
− 𝑥2
𝑛
+ 𝑦2
𝑖
− 𝑦2
𝑛
− 2 (𝑦

𝑖
− 𝑦
𝑛
) 𝜂)

2 (𝑥
𝑖
− 𝑥
𝑛
)

, (12)

and the residual Λ is

Λ =

𝑛−1

∑
𝑖=1


𝑥
2

𝑖
− 𝑥
2

𝑛
+ 𝑦
2

𝑖
− 𝑦
2

𝑛
− 2 (𝑥

𝑖
− 𝑥
𝑛
) �̂�

− 2 (𝑦
𝑖
− 𝑦
𝑛
) 𝜂


.

(13)

Based on formulas (9)∼(12), the whole localization algo-
rithm is as follows.

Assumptions. The rectangular coordinate system is as shown
in Figures 1 and 2. If there is a bank, the direction along the
bank is 𝑦.There are some nodes with the same unidirectional
coordinate value.

Step 1. Give a threshold 𝛽 and let the counting marks be 𝑙 = 1

and 𝑗 = 1.

Step 2. At sampling time 𝑡
𝑙
, connect any two points (𝑥, 𝑦) and

(𝑥, 𝑦) when the concentrations 𝐶(𝑥, 𝑦, 𝑡
𝑙
) and 𝐶(𝑥, 𝑦, 𝑡

𝑙
)

satisfy |𝐶(𝑥, 𝑦, 𝑡
𝑙
) − 𝐶(𝑥, 𝑦, 𝑡

𝑙
)| ≤ 𝛽.

Step 3. If the number of connected nodes is larger than 4, it
can be deduced that the nodes are in the same contour; go to
Step 4. Otherwise, 𝑙 is adjusted to 𝑙 = 𝑙+1 and return to Step 2.

Step 4. Let𝑁 be the number of nodes which are on the same
contour and obtained in Step 3. In the 𝑁 nodes, if there are
two nodes (𝑥

1
, 𝑦
1
) and (𝑥

1
, 𝑦
2
) with the same 𝑥 position, the

estimation of 𝜂 can be calculated as (9).

Step 5. Use the SL-n [28] algorithm to get the estimation; that
is, in the 𝑁 points which are on the same contour, choose
any 𝑛 points to get the estimation as (12). The 𝐶𝑛

𝑁
results

(�̂�
(𝑗)

, Λ(𝑗)), 𝑗 = 1, 2, 3, . . . , 𝐶𝑛
𝑁
, can be obtained.

Step 6. Search the minimum value in {Λ(𝑗)} and let the
corresponding location estimation of the minimum value be
the ultimate estimation of 𝜁.

(B) The Source Localization Based on the Contour in
Dynamic Water

Assumptions. The rectangular coordinate system is as shown
in Figure 3 and the 𝑦 direction is perpendicular to the bank.
The monitoring area is mesh covered densely.

Under the rectangular coordinate, the symmetry axis is
𝑥 = 𝜂. As the diffusion is affected by the water flow, the
diffusion is unidirectional. Along the flow, the straight line
between the two nodes in the same contour is parallel to
the 𝑥-axis. In the innermost contour, if there are two nodes
(𝑥
1
, 𝑦
1
) and (𝑥

1
, 𝑦
2
), one has

𝜁 =
𝑥
1
+ 𝑥
2

2
,

𝜂 = 𝑦
1
.

(14)

The premise of the localizationmethod based on the con-
tour is that the concentration contours are axis-symmetric
and there are enough nodes on the same contour. For the
localization in static water, the selection nodes are in the
outer contour and off the bank boundary. For the localization
in dynamic water, if the pollution source in the monitoring
area is as shown in Figure 4, under the mesh covered nodes
deployment, the location error is 0 ∼ �̃�, where �̃� is the
distance between the neighbor nodes in the same row (line).
If the pollution source is out of the monitoring area and is as
shown in Figure 5, the location accuracy is related to how far
the pollution source is from the monitoring area.
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Figure 6: The experiment background of Experiment 1.
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4. Experiment Results and Discussions

4.1. Experiments

Experiment 1 (the source localization in the concentration
field without boundary constraints in static water).

Background. In shallow water, of which the size is 200 cm
× 200 cm and the average depth is 𝑓 = 100 cm, there is a
continuous source at the center. Starting from 𝑡

0
= 0, the

solution ofMgSO
4
is discharged to thewater.Thebackground

of the experiment is shown in Figure 6. The locations of the
source and the sampling nodes are shown in Figure 7. In
the initial state, the pollutant migrates with the solution flow.
At some time, the diffusion would be stable, and the whole
contaminated area can be deemed as a point source.

The diffusion process can be depicted by the diffusion
model (1). The monitoring concentration values of different
sensor nodes are shown in Table 1. The initial observation is
at 5 s.

The Detection Using Hypotheses Testing. At different signifi-
cance levels, the detection results are listed in Table 2.

The Simple Method to Detect the Source. For different thresh-
olds, the detection results are listed in Table 3.

Localization Using Different Methods. The localization prob-
lem is to estimate the source location (𝜁, 𝜂) based on the
known information such as the node locations, the sampling
times, the concentration samples of nodes, and the water
depth.The localization results of differentmethods are shown
in Table 4.

In Table 4, the localization based on the diffusionmodel is
the Least Squares method as (8) with no constraint, and the
data being used is the monitoring values at 20 s. The coarse
localization result is theMPA point at 20 s. In the localization
based on the contour, the threshold 𝛽 which connects the
nodes on the same circle is 0.02 g/L, and the result is the
average value of the localization result using nodes 0, 2, 4,
and 6 and localization result using nodes 1, 3, 5, and 7. In
the experiment, it can be seen that the performance of the
localization based on the contour is the best and the coarse
localization algorithm is the worst.

The Results of Experiment 1. The detection method using
hypotheses testing is more stable. In the simple detection,
in order to detect the pollution source timely, the threshold
should be as small as possible. The performance of the
localization method based on the contour is better than the
coarse localization algorithm and the localization based on
the diffusion model. The results of the localization based on
the diffusion models vary with different initial values.

Experiment 2 (the source localization in the concentration
field with a boundary constraint in static water).

Background. In shallow water, of which the size is 10m × 10m
and the average water depth is 𝑓 = 10m, apart from the
impermeable bank 𝑌, there is a continuous source at (𝜁, 𝜂) =

(1.05, 6.05) (m). The pollution solution is discharged to the
water from 𝑡

0
= 0. The mass flow rate 𝑀 is 100 kg/h. The

diffusion coefficient is𝐷 = 1m2/h.
The diffusion can be depicted by the diffusion model (2).

The experiment is studied in a MODFOLW simulation, and
the simulation values are shown in Table 5.

The Detection Using Hypotheses Testing. At different signifi-
cance levels, the detection results are listed in Table 6.

The Simple Method to Detect the Source. For different thresh-
olds, the detection results are listed in Table 7.

Comparing Table 6 with Table 7, the same conclusions as
Experiment 1 can be obtained.

Localization Using Different Methods. The localization prob-
lem is based on the known information such as the node
locations, the sampling times, the concentration samples
of nodes, the water depth, and the diffusion coefficient to
estimate the source location (𝜁, 𝜂). The localization results of
different methods are as follows.

The Coarse Localization Algorithm. In this experiment, the
EPA point and the MPA point are the same. If the nodes are
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Table 2: The detection results at different significance levels in Experiment 1.

Significance level Node 0 (s) Node 1 (s) Node 2 (s) Node 3 (s) Node 4 (s) Node 5 (s) Node 6 (s) Node 7 (s)
0.01 105 40 100 40 100 50 100 50
0.05 85 30 85 30 85 35 85 35
0.1 80 25 80 25 80 25 75 30

Table 3: The detection times for different decision thresholds in Experiment 1.

Threshold (g/L) Node 0 (s) Node 1 (s) Node 2 (s) Node 3 (s) Node 4 (s) Node 5 (s) Node 6 (s) Node 7 (s)
0.01 115 15 115 10 115 10 115 20
0.05 — 30 — 35 — 30 — 35
0.1 — 45 — 50 — 45 — 45
“—” represents having no result.

Table 4: The localization using different localization methods in
Experiment 1.

The coarse
localization
algorithm (m)

The localization
based on the
contour (m)

The localization
based on the

diffusion model (m)
(0, 40) (0, 0) (0.0205, 0)

dense and there is a node close to the source, the accuracy
of the coarse localization is guaranteed. Otherwise, there is a
large localization error.

The Localization Based on the Diffusion Model. The nonlinear
Least Square with the trust-region-reflective solving method
is adopted in the localization based on the diffusion model.
The observations at 4.0 h are applied. The localization results
are shown in Table 8.

The Localization Based on the Contour. The threshold which
connects the nodes on the same circle is 0.01 g/L. At 4.0 h, in
the same contour, there are 𝑝 points with the same distance
to the source and 𝑞 superimposed effect-influenced points
with different distances to the source, and 𝑝 + 𝑞 = 5. The 𝑝

points are chosen from {(1.65, 6.85), (1.65, 5.25), (2.05, 6.05),
(1.85, 5.45)}. The 𝑞 points are chosen from {(0.55, 7.25),
(0.15, 4.85), (0.25, 7.25), (0.55, 4.85)}. The SL-4 (𝑛 = 4)
method is used in the experiment and the localization results
are shown in Table 9.

The Results of Experiment 2. The detection method using
hypotheses testing is more stable, and the detection accuracy
of the simple detection method depends on the precision of
the given threshold. The accuracy of the coarse localization
depends on the nodes density. The results of the localization
based on the diffusion model vary with initial values and
are not stable. In the localization based on the contour, the
effect-influenced points bring about a larger location error;
the more the effect-influenced points are, the worse the
localization accuracy is.

Experiment 3 (the source localization in dynamic water).

Background. In the water area, of which the size is [0, 10]m×

[0, 20]m, there is a continuous source at the location (𝜁, 𝜂) =

(10, 0) (m). The pollution solution is discharged to the water
with the mass flow rate 𝑀

0
= 100 kg/h from time 𝑡 = 0.

The interval of sampling time is 1 h. The water flow is along
the 𝑥 direction with the flow rate 𝑢 = 1m/s. The diffusion
coefficient is𝐷 = 0.5m2/h.

The diffusion model is [27]

𝐶 (𝑥, 𝑦, 𝑡) =
𝑀
0

4𝜋𝐷
∫
𝑡

0

1

𝑡 − 𝜏

⋅ exp{−
[𝑥 − 𝜁 − 𝑢 (𝑡 − 𝜏)]

2
+ (𝑦 − 𝜂)

2

4𝐷 (𝑡 − 𝜏)
}𝑑𝜏

(15)

which is related to the time integration and not an explicit
model.

The simulation tool is MATLAB. The sample nodes are
mesh grid deployed in the area [0, 10]m × [0, 20]m with the
average distance between the neighbor nodes of 1m.

The Source Detection. The same conclusions as Experiments 1
and 2 can be obtained.

Localization Using Different Methods. The localization prob-
lem is based on the known information including the node
locations, the sampling times, and the concentration samples
of nodes to estimate the source location (𝜁, 𝜂). As there is
no specific diffusion model, in this case, only the coarse
localization and the localization algorithm based on the
contour are tested. The experiment results are shown in
Table 10.

In the experiment, the EPA point is the same as the MPA
point, which is (9, 0)m. In the localization based on contours,
the threshold 𝛽 which connects the nodes on the same circle
is 0.02 g/L.
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Table 5: The observations of different nodes in Experiment 2.

(a)

Time (h) Observations (g/L)
of node (1.65, 6.85)

Observations (g/L)
of node (1.65, 5.25)

Observations (g/L)
of node (2.05, 6.05)

Observations (g/L)
of node (1.85, 5.45)

Observations (g/L)
of node (0.55, 7.25)

0.01 0.0045 0.0043 0.0048 0.0043 0.0020
0.5 0.0435 0.0434 0.0431 0.0431 0.0292
1 0.0869 0.0869 0.0848 0.0856 0.0739
1.5 0.1212 0.1211 0.1170 0.1187 0.1124
2.0 0.1495 0.1494 0.1437 0.1462 0.1444
2.5 0.1738 0.1736 0.1667 0.1697 0.1716
3.0 0.1882 0.1878 0.1802 0.1833 0.1876
3.5 0.1913 0.1909 0.1832 0.1866 0.1912
4.0 0.1944 0.1940 0.1861 0.1896 0.1946

(b)

Time (h) Observations (g/L)
of node (0.35, 7.55)

Observations (g/L)
of node (0.35, 4.55)

Observations (g/L)
of node (0.15, 4.85)

Observations (g/L)
of node (0.25, 7.25)

Observations (g/L)
of node (0.55, 4.85)

0.01 0.0008 0.0006 0.0014 0.0015 0.0018
0.5 0.0161 0.0161 0.0273 0.0274 0.0293
1 0.0498 0.0498 0.0727 0.0728 0.0739
1.5 0.0826 0.0825 0.1120 0.1122 0.1123
2.0 0.1114 0.1111 0.1446 0.1449 0.1442
2.5 0.1366 0.1359 0.1720 0.1725 0.1711
3.0 0.1517 0.1506 0.1882 0.1888 0.1868
3.5 0.1551 0.1539 0.1918 0.1924 0.1903
4.0 0.1585 0.1571 0.1952 0.1960 0.1937

Table 6: The detection times at different significance levels in Experiment 2.

(a)

Significance level Node (1.65, 6.85) (h) Node (1.65, 5.25) (h) Node (2.05, 6.05) (h) Node (1.85, 5.45) (h) Node (0.55, 7.25) (h)
0.01 2.5 2.5 2.5 2.5 2.5
0.05 1.5 1.5 1.5 1.5 2.0
0.1 1.5 1.5 1.5 1.5 1.5

(b)

Significance level Node (0.35, 7.55) (h) Node (0.35, 4.55) (h) Node (0.15, 4.85) (h) Node (0.25, 7.25) (h) Node (0.55, 4.85) (h)
0.01 3.0 3.0 2.5 2.5 2.5
0.05 2.0 2.0 2.0 2.0 2.0
0.1 1.5 1.5 1.5 1.5 1.5

The Result of Experiment 3. The performance of the localiza-
tion based on the contour is better than the coarse localization
algorithm.

4.2. Performance Analyses Based on the Experiments. All of
the above experiment results show that the detection method
using hypotheses testing is more stable, and the detection
accuracy of the simple detection method is related to the
given threshold. The simple detection method can be more
timely but the decision threshold should be small. However,
if the noise in the practical applications is considered, small
thresholds may bring about large false alarm rates.

The simple localization methods can only be used when
the nodes are deployed densely; otherwise, the localization
error is possible. The results of the localization based on the
diffusion models vary with different initial values and are not
stable. Actually, in the numerical calculations, the variable
boundaries are set previously to ensure the convergence in
the iteration calculations.The performance of the localization
method based on the contour is better than the coarse local-
ization algorithms and the localization based on diffusion
models when concentration contours are axisymmetric and
most of the nodes participating in the localization are with
the same distances to the source.
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Table 7: The detection times for different thresholds in Experiment 2.

(a)

Threshold (g/L) Node (1.65, 6.85) (h) Node (1.65, 5.25) (h) Node (2.05, 6.05) (h) Node (1.85, 5.45) (h) Node (0.55, 7.25) (h)
0.05 1 1 1 1 1
0.1 1.5 1.5 1.5 1.5 1.5
0.15 2.5 2.5 2.5 2.5 2.5

(b)

Threshold (g/L) Node (0.35, 7.55) (h) Node (0.35, 4.55) (h) Node (0.15, 4.85) (h) Node (0.25, 7.25) (h) Node (0.55, 4.85) (h)
0.05 1.5 1.5 1 1 1
0.1 2.0 2.0 1.5 1.5 1.5
0.15 3.0 3.0 2.5 2.5 2.5

Table 8: The localization results varying with the initial values.

The initial values of (𝜁, 𝜂) (m) Localization results (m)
(1, 5.5) (0.99, 6.03)

(0.55, 7.05) (0.99, 6.03)

(0.55, 7.35) (10, 6.81)

(1.55, 0.55) (10, 6.80)

(0.55, 6.55) (0.99, 6.03)

Table 9: The localization results based on the contour.

𝑝 : 𝑞 Location error (m)
4 : 1 0
3 : 2 0.14
2 : 3 0.43
1 : 4 0.55

Table 10: The localization results of different localization methods
in Experiment 3.

The coarse localization
algorithm (m)

The localization based on the
contour (m)

(9, 0) (10, 0)

From the results, it can be seen that, in the water pollution
source localization, the detection using hypotheses testing
works better in the source detection step. If concentration
contours are axisymmetric, the localization method based
on the contour is the primary selection. If the nodes are
dense and there is no explicit diffusion model, the coarse
localization algorithm can be used. When there is an explicit
diffusion model and small errors can be guaranteed in the
numerical calculations, the localization method based on
diffusion models is a good choice.

5. Conclusions

In this paper, the static pollution source localization including
the source detection and the source localization in sensor
networks is studied.The simple detection method, the coarse
localization methods, and the localization methods based on
diffusion models are introduced and analyzed theoretically.

The detection method based on hypothesis testing and the
localization method based on the contour are proposed.
The performances of different detection and localization
methods are tested and compared in the paper. Based on
theoretical analyses and experiments, it can be concluded
that, in the water pollution source localization, the detection
using hypotheses testing is more convenient in the source
detection step. If concentration contours are axisymmetric,
the localization method based on the contour is the primary
selection. In case the nodes deployment is dense and an
explicit diffusion model is not available, the coarse localiza-
tion algorithm can be used. Otherwise, the localization based
on the diffusion model is a sound choice.
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This paper presents a comprehensive water quality monitoring system that employs a smart network management, nano-enriched
sensing framework, and intelligent and efficient data analysis and forwarding protocols for smart and system-aware decision
making. The presented system comprises two main subsystems, a data sensing and forwarding subsystem (DSFS), and Operation
Management Subsystem (OMS). The OMS operates based on real-time learned patterns and rules of system operations projected
from the DSFS to manage the entire network of sensors. The main tasks of OMS are to enable real-time data visualization,
managed system control, and secure system operation. The DSFS employs a Hybrid Intelligence (HI) scheme which is proposed
through integrating an association rule learning algorithm with fuzzy logic and weighted decision trees. The DSFS operation is
based on profiling and registering raw data readings, generated from a set of optical nanosensors, as profiles of attribute-value
pairs. As a case study, we evaluate our implemented test bed via simulation scenarios in a water quality monitoring framework.
The monitoring processes are simulated based on measuring the percentage of dissolved oxygen and potential hydrogen (PH)
in fresh water. Simulation results show the efficiency of the proposed HI-based methodology at learning different water quality
classes.

1. Introduction

The detection of water quality parameters such as dissolved
oxygen (DO) and potential hydrogen (PH) in aqueous
media is important for wide variety of applications including
environmental monitoring, biomedical research, and pro-
cess control [1–3]. Compared to currently used techniques,
fluorescence-based sensing technique has significant advan-
tages over other procedures due to fouling avoidance, the
fact that there is no need for a reference electrode, and the
resistance to exterior electromagnetic field interferences [4–
9]. One of the most promising optical nanostructures is ceria
nanoparticles due to its oxygen capability storage, low-cost
synthesis, and adequate sensitivity [10, 11]. This paper offers
a comprehensive monitoring framework as an integration

between nanotechnology and trustworthy wireless sensor
networks.

The main objective of our work is to develop a complete
sensing platform for real-time monitoring of two water
quality parameters, DO concentration and PH value, in
aqueous media [12, 13]. Our system, as shown in Figure 1,
goes behind local, single location monitoring to a networked
sensing of DO and PH concentrations at multiple locations,
across streams, water treatment facilities, hydroponic farms,
and aquafarms. The system comprises two main subsys-
tems, which are the data sensing and forwarding subsystem
(DSFS), and Operation Management Subsystem (OMS).
The DSFS employs our proposed hybrid intelligence (HI)
technique, which is embedded at powerful on-site compu-
tation nodes for efficient data analysis, classification, and
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forwarding processes. Powerful nodes receive the digitalized
signal from one or more running nanosensors, merge the
collected data with the geographical location of the sensing
element(s), and run the HI techniques for learning data
patterns and taking on-site decisions. Based on the weight
of reached decisions, data might be forwarded to sinks and
remote off-site management servers in a real-time fashion
for further analysis with security extensions. The real-time
management of the overall system with security policies’
enforcement is performed by the OMS. The OMS operates
based on learned patterns and rules of system operations
projected from the DSFS to manage the entire network of
sensors. The main tasks of OMS are to enable real-time data
visualization, managed system control, and secure system
operation.

As shown in Section 3, the main advantage of having
such level of autonomic control and management is the
ability to predict some of the sensor feedback based on
the analysis of the overall network feedback [14–16]. Such
ability facilitates optimizing the sensor power usage by
controlling the activation periods of sensors leading to much
better sensor utilization expanding the lifetime of the entire
network and reducing the system cost. Further, such ability
facilitates detecting and fixing/excluding any misbehaving
or problematic sensing nodes that can massively reduce the
system accuracy. Additionally, the automated system could
definitely overcome the problems of manual data collection
that requires extensive effort and time.This capability enables
almost continuous real-time monitoring of DO with means
to identify and address sensor drift helping researchers to
construct test models based on the flow of the monitored
water supply. Both DO and PH are sensed using fluorescence

quenching technique depending on the reduction of visible
emitted fluorescent optical intensity based on the change
of the quencher concentration of dissolved oxygen or the
chemical impact of PH in ceria nanoparticles itself.

Additionally, we present in this paper a HI-based scheme
for data classification and forwarding in wireless sensor
networks (WSNs) enabling energy-efficient, better utilized
resources and optimizedQoS operations.Themain objectives
of our proposed scheme, by adopting concepts in the infor-
mation theory and Artificial Intelligence (AI) [17–19], are as
follows:

(i) Building efficient reconfigurable information-driven
data classification and forwarding methodology for
WSNs.

(ii) Learning interesting routing-based attributes and
generating forwarding models.

(iii) Enabling the capability of learning/expecting/detect-
ing abnormal data flows and making classification
and generating rules.

The organizing of the remaining sections of this paper
is as follows. Section 2, Materials and Methods, discusses
three subsections including themethodology of data sensing,
forwarding subsystem with the proposed HI-based data
classification/forwarding scheme, the experimental setup for
sensing of DO and PHoptical nanosensors, and the trustwor-
thy Operation Management Subsystem. The obtained results
are analyzed and discussed in Section 3. Section 4 concludes
the paper and highlights our future work.
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2. Materials and Methods

2.1. Data Sensing and Forwarding Subsystem (DSFS). Thenet-
working infrastructure of sensors’ communication and data
forwarding processes within the DSFS depends on having
a network of wirelessly communicated sensors organized in
clusters. The continuously growing interest and developed
research inWireless SensorNetworks (WSNs) lead tomaking
such networks widely used in applications related to vari-
ous fields, such as environmental monitoring [20]. WSNs
provide the communication framework for such applications
enabling data sensing, collection, and forwarding until reach-
ing the final data destination center for further data analysis
and decision making. As known, WSNs comprise limited
energy and computation communicating nodes; thus, this
leads to great challenges on the lifetime of such networks and
consequently their reliability. So, there is a need to propose
an efficient data forwarding scheme that considers the energy
constraints inWSN and the importance of interesting data in
order to route data that have large information gain. In the
literature, many trials provided solutions for having efficient
data forwarding and routing targeting energy saving at sensor
nodes using opportunistic routing theory [21, 22]. Other
researchers consider data routing and forwarding depending
on data aggregation and clustering approaches [23]. Another
work provides an effective data collection using a set of
powerful mobile nodes which increases the probability of
having available and reliable communication channels [24].
The inter distance and noise level between sensor nodes is
sometimes considered for designing data forwarding strate-
gies [25]. However, to the best of our knowledge, prior related
work did not provide a data classification and forwarding
scheme forWSNs leveraging the capabilities of simple hybrid
intelligence techniques and information theory concepts to
extract data semantics and learn interesting information.
Accordingly, there will be an ability to control classification
levels and amounts of data forwarded from areas of interest
to remote data analysis and decision making locations. This
will, consequently, aid in optimizing power consumption
and memory utilization at sensor nodes. Leveraging con-
cepts form information theory; this paper offers a novel
hybrid intelligence-based scheme for data classification and
forwarding inwireless sensing communication environments
enabling energy-efficient, better utilized resources and opti-
mized QoS operations.

As a case study, we run this scheme for a WSN directed
to monitor water quality levels. The proposed methodology
depends on profiling raw data readings, generated from
a set of optical nanosensors, as profiles of attribute-value
pairs.Then, data patterns are learnt adopting association rule
learning algorithm clarifying the most frequent attributes
and their related values. According to the discovered sets of
attributes, a set of fuzzy membership functions are directed
to produce a discrete sample space and a specific mem-
bership class for each attribute based on its value. Based
on calculated attribute-dependent entropies and information
gains, weighted probabilistic decision trees are built to help
take decisions of data forwarding and to generate long-term
fuzzy rules. One of the main objectives of our proposed

scheme, by adopting concepts in the information theory
and Artificial Intelligence (AI), is building efficient reconfig-
urable information-driven data classification and forwarding
methodology for WSNs [17–19].

2.1.1. Hybrid Intelligence-Based WSN-Based Data Classifica-
tion and Forwarding Scheme. Figure 2 shows the building
blocks of the proposed scheme for data classification and
forwarding for WSNs. Those blocks illustrate the main used
algorithms and operations. We will discuss the comprised
blocks shown in Figure 2 as follows.

(i) The shared memory: an accessible memory located at
sensor nodes with powerful storage and processing
resources. Data readings are stored as profiles of
attribute-value pairs. Each data profile refers to a
specific reading from a certain sensor node located at
a location where that sensor is directed to execute a
defined function, such as reading lead-related quality
level at fresh water.

(ii) Association rule learning algorithm: amachine learn-
ing algorithm, which is adopted to learn data pat-
tern at the shared memory and to extract the most
frequent attributes located in the memory according
to defined minimum support and confidence thresh-
olds.Those attributes will be forwarded to the fusiliers
in order to be classified based on attributes’ values.

(iii) Fuzzifiers: operating engines which adopt fuzzy logic
via defining a set of defined fuzzy membership func-
tions to generate specific finite discrete classes for the
attributes based on their values [26].

(iv) Statistical analysis: this defines a set of statistical
operations that are performed on data profiles stored
in the shared memory in order to aid in extracting
some information leading to computing the infor-
mation gains. For instance, a specific attribute will
be analyzed to know how many times it is found
in readings related to pollutants based on measured
levels of dissolved oxygen and lead in fresh water at
using specific types of sensors.

(v) Entropy and information gain calculation: it runs
mathematical operations based on information con-
cepts to calculate the information entropy due to clas-
sified attributes and the possible outcome classes after
decision making. Then, it computes the information
gains for each attribute with respect to the calculated
class entropy. Accordingly, the attribute which has the
greatest weight on making decisions will be known.
Then, other attributes with weights ordered in a
descending order will be used to form the decision
tree. The next section will discuss an illustrative
example to show how calculations are performed.

(vi) Decision trees and fuzzy rules generation: based
on the above calculations, weighted entropy-based
decision trees will be formed and used to make
decision. According to these designed decision trees
and possible attribute classes, a set of fuzzy rules can
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Figure 2: The proposed data classification and forwarding scheme.

be generated which shows the different cases that
might be faced when getting a set of attributes within
certain range of values.

2.1.2. Overview of the Technical Insights of the Proposed Scheme
for EfficientWater Quality Monitoring. In this subsection, we
will discuss the main concepts on which the proposed hybrid
intelligence scheme for data classification and forwarding
is developed. We assume a small-scale WSN comprising a
set of communicating sensor nodes where some of those
nodes, called advanced nodes, are with powerful computing
and storage capabilities. This WSN is directed to collect data
related to various classes of water pollutants and forward
data to a final destination unit in order to make further data
analysis and management. Collected data and readings from
sensor nodes are stored in a shared on-demand accessible
memory, where data entries are indexed according to sensors’
identifications and their locations. Advanced nodes can play
the role of cluster heads in case of forming a cluster hierarchy
for the designed WSN. Also, advanced nodes analyze the
patterns of stored data, where these data refer to readings
about a certain pollutant. The following subsection will dis-
cuss building weighted classifiers, using fuzzy logic, entropy,
and decision trees, which are adopted by sensor nodes [27].

The following points illustrate how the weighted clas-
sifiers are built and work in advanced sensor nodes. As
discussed previously, readings from sensors are stored as
attribute-value pairs in a shared memory.

(i) The fuzzy logic divides the registered attributes with
an infinite real space into finite sets with discrete finite
space.

(ii) According to obtained attributes’ levels and expected
related classes, a statistical analysis can be done which
will show the percentage/probability of each attribute
to a possible class.

(iii) Based on data pattern and using the entropy of all
possible classes and the conditional entropy with
respect to their related attributes, a fuzzy weighted
decision trees can be built. Equation (1) calculates the
class entropy:

𝐻(𝐶) = −

𝑛

∑

𝐶=1

𝑝
𝐶
log
2
𝑝
𝐶
, (1)

where 𝑝
𝐶
shows the probability of a certain class found in the

analyzed patterns. It can be calculated based on the frequency
of a certain class in data patterns. For example, if there are
10 data profiles where 5 of them refer to a water quality class
of high level type, then the probability of high level quality
class is 50%. Then, to know the weight of each attribute that
will affect getting the main class, we will use the conditional
entropy as described in

𝐻(
𝐶

𝐴
) = ∑

𝑎∈𝐴

(𝑝
𝑎
)𝐻(
𝐶

𝐴 = 𝑎
)

= −∑

𝑎∈𝐴

(𝑝
𝑎
)

𝑛

∑

𝐶=1

𝑝
(𝐶/(𝐴=𝑎))

log
2
𝑝
(𝐶/(𝐴=𝑎))
,

(2)

where 𝑎 is a possible value for attribute 𝐴 and 𝐻(𝐶/(𝐴 =
𝑎)) is the conditional entropy of having a certain class when
attribute 𝐴 is of value 𝑎.

Assume that we have three fuzzy attributes (i.e., 𝐴 =
3) that can affect the process of classification. We need
to know the more affecting attribute that will be the first
stage the classifier. This can be obtained from calculating
the conditional entropy for all attributes and their possible
values which can be defined from the fuzzifiers by which the
attributes are with a finite sample space. For instance, there
is an attribute 𝐴 type, such as sensor type, which can take two
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Figure 3: Example of a weighted decision tree.

different string values (i.e., 𝑎 = 2), which are𝑋 and 𝑌. This is
a binary attribute. From patterns, we found that the value of
20% of patterns which contain 𝐴 type is𝑋. Then, (𝑝

𝑎=𝑋
) = 0.2

and (𝑝
𝑎=𝑌
) = 0.8.

Then, we will use (1) and (2) to calculate the information
gain as stated in

Information Gain = 𝐼 = 𝐼 (𝐶; 𝐴) = 𝐻 (𝐶) − 𝐻(𝐶
𝐴
) . (3)

Based on the calculated gain, we can know the attributes with
higher priorities and those attributes will be at the first stages
or nodes in the decision tree-based classifier. The more the
information gain we will have for an attribute, the higher the
probability that such attribute will be in the first decision tree
nodes.

For example, if 𝐻(𝐶) = 1.5 bits and we have three
attributes, which are 𝐴 type, 𝐴 level, and 𝐴 status, and each
attribute has two possible string values, where𝐻(𝐶/𝐴 type) =
1.1 bits, 𝐻(𝐶/𝐴 level) = 0.7 bits, and 𝐻(𝐶/𝐴 status) = 0.5 bits,
this means that information gain according to 𝐴 type is the
largest one. So, the first node in the decision tree will be the
sensor type attribute. Figure 3 shows an example of a decision
tree:

(i) Some fuzzy rules from the built decision trees can be
extracted [28]. Relying on those rules, data forward-
ing and routing decisions can be taken. For instance,
a rule of a low level of quality can be extracted based

on the designed decision tree as shown in Figure 3.
As an example, if we have a set of ON dissolved O

2

sensors with high level readings, then this refers to a
low quality level.

As a case study with an illustrative example, we discuss
a numerical example which discusses the designed for-
warding scheme. We assume that WSN is employed to
forward quality-related data readings from a set of sensors
to a final destination in a fresh water context like a river.
The implemented WSN will comprise two main types of
sensors, which are normal sensors and advanced sensors.
The proposed scheme will be implemented in advanced
sensor nodes, which possess powerful computing resources
and communication capabilities. Advanced nodes will be
able to register readings from normal nodes in a shared
memory at them allowing other nodes to access and get more
information (e.g., learning data patters concerning a certain
pollutant during a specific period in the year). Readings
will be represented by advanced nodes in their memories
as data profiles of attribute-value pairs. The data profile will
show the identification (ID) of the data source sensor node,
type of sensor node, status of the sensor (ON, OFF, and
maintenance), and level of readings (e.g., high or low).

Normal nodes will be equipped with two types of sensors
that can provide readings about the percentage of dissolved
oxygen and PH as indication to the quality of the fresh water
in the studied river. The practical measurements of dissolved
oxygen in fresh water show the following concentrations
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where the last two ones can refer to a high degradation in the
water quality due to pollution [29]:

(a) Safe (∼8 parts per million or ppm).
(b) Moderate (5–7 ppm).
(c) Stressful (3–5 ppm).
(d) Dangerous (<3 ppm).

Concerning the concentration level of PH in a fresh water, we
adopt the following three levels as indication to having acidic
levels [29]:

(a) Low acidic (6–8).
(b) Moderate acidic (4–6).
(c) Highly acidic (<4).

The designed scheme in advanced nodes will adopt fuzzy
logic that employs fuzzy membership functions (FMFs) to
classify the readings levels of each sensor. For readings con-
cerning the dissolved oxygen and the discussed concentration
levels previously, FMFs are designed, as shown in Figure 4, to
consider the following: the first concentration as best quality,
the second concentration as moderate quality, and the last
two concentrations as low quality. For the concentration level
of absorbed lead, other FMFs are used to define the first
concentration level as safe level or optimum quality of water
and the second concentration level as moderate quality and
the last concentration level as the lowest quality of water.

In this example, we assume that we have one final
destination, four advanced nodes, and five normal nodes.
Also, we have two types of sensors in each sensor node for
measuring levels of DO concentration and PH. The data
profile of a reading stored in amemory of an advanced sensor
node will show the ID of the related sensor node, type of
sensor, reading level, and status of the node.

Considering that each region in a river is covered by
a set of sensor nodes with specific IDs for monitoring
water quality, so each area will have data patterns (based
on registered data profiles) that can be learned to know
and detect the main pollutants that might exist and the
expected consequences and recommend countermeasure for
treatment.

Table 1: Data profiles of sensors.

ID Sensor type Reading level Sensor status Decision
1 DO High (<3 ppm) ON Dangerous
1 PH Low (5) ON Moderate
2 DO No (6–8 ppm) ON Optimum
2 PH Low (4) ON Moderate
3 DO High (<3 ppm) ON Dangerous
3 PH N/A OFF Maintenance
4 DO High (<3 ppm) ON Dangerous
4 PH Low (6) ON Moderate
5 DO High (4 ppm) ON Dangerous
5 PH No (8) ON Optimum

In normal operation, we get two readings from each
normal sensor node through the day. So, we expect 10
readings per day and 300 readings per month. As shown in
Table 1, assume thatwe have for a region of interest in the river
the following daily data profiles collected from five operating
sensors through a certain month.

The advanced sensor nodes will learn the patterns of
data profiles stored in their memories. Advanced nodes will
learn Apriori-based association rule learning algorithm [30]
for learning the main frequent attributes in the stored data
profiles, which are sensor ID, sensor type, reading level,
and sensor status. Additionally, advanced nodes will employ
statistical analysis algorithm for generating some statistics
about stored data profiles, such as how many profiles contain
O
2
and high pollution level [31].
From Table 1, advanced nodes can build a weighted

decision tree-based on entropy and information gain in order
to classify data flows and know the more important flows.
Hence, they can allocate more resources and offer more
bandwidth.

For building the weighted decision tree, we will have the
following procedures. There are 10 data profiles with three
main attributes, which are sensor type, reading level, and
sensor status. Also, there are main four decisions in the table
which aremaintenance, no pollution, low pollution, and high
pollution. From (1), we can calculate the decision entropy as
follows:

𝐻(𝐷) = −

4

∑

𝐷=1

𝑝
𝐷
log
2
𝑝
𝐷

= −𝑝Dangerouslog2𝑝Dangerous

− 𝑝Moderatelog2𝑝Moderate

− 𝑝Optimumlog2𝑝Optimum − 𝑝Maintlog2𝑝Maint

= −0.4log
2
0.4 − 0.3log

2
0.3 − 0.2log

2
0.2

− 0.1log
2
0.1

= 0.529 + 0.521 + 0.4644 + 0.3322

= 1.8466 bits.

(4)
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Then, we will use (2) and (3) to compute the information gain
for each interesting attribute of the main three we have.

For the first attribute: sensor type

𝐼 (𝐷; 𝐴) = 𝐻 (𝐷) − 𝐻(
𝐷

Type
)

= 1.8466 −

O2


10
Entropy (O

2
)

−
|PH|
10

Entropy (PH)

= 1.8466 − 0.5 (−0.8log
2
0.8 − 0.2log

2
0.2)

− 0.5 (−0.6log
2
0.6 − 2 × 0.2log

2
0.2)

= 1.8466 − 0.5 (0.2575 + 0.4644)

− 0.5 (0.4422 + 2 × 0.4644)

= 1.8466 − 0.361 − 0.6855 = 0.8 bits.

(5)

Similarly for the other two attributes,

𝐼 (𝐷; 𝐴) = 𝐻 (𝐷) − 𝐻(
𝐷

Level
) = 1.8466

−

High


10
Entropy (High) − |Low|

10
Entropy (Low)

−
|No|
10

Entropy (No) − |NA|
10

Entropy (NA)

= 1.8466 − 0.4 (0) − 0.3 (0) − 0.2 (0) − 0.1 (0)

= 1.8466 bits.

𝐼 (𝐷; 𝐴) = 𝐻 (𝐷) − 𝐻(
𝐷

Status
) = 1.8466

−
|ON|
10

Entropy (ON) − |OFF|
10

Entropy (OFF)

= 1.8466 − 0.9 (−0.444log
2
0.444 − 0.333log

2
0.333

− 0.222log
2
0.222) − 0.1 (0) = 1.8466 − 0.9 (0.52

+ 0.5283 + 0.482) = 1.8466 − 0.9 (0.566256)

= 1.337 bits.

(6)

From the above results, we find that the higher information
gain is obtained for the reading level attribute (1.8466 bits)
and then for the sensor status (1.337 bits) and then for the
sensor type (0.8 bits).This means that the advanced powerful
sensor nodes will forward data to the final destination
management units once they detect high reading level from
operating sensor nodes without giving more weight to the
sensor type or the main cause for the low water quality levels.
Accordingly, a weighted decision tree can be formed and
adopted by advanced nodes to take decision and forward
data to the final destination. A set of rules can be generated
according to the built decision tree such as the following: if
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Figure 5: Experimental setup of optical sensing for dissolved
oxygen.
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there is a high level reading from an operating DO or PH
sensor, then forward the data to the destination.

2.2. Optical Materials’ Synthesis and Sensing Setup. Ceria
nanoparticles are prepared using a chemical precipitation
technique for simplicity and relative low-cost precursors
[32–34]. 0.5 g of cerium (III) chloride (heptahydrate, 99.9%,
Aldrich Chemicals) is added to 40mL deionized water as
a solvent. The solution is stirred at rate of 500 rpm for
2 hours at 50∘C with added 1.6mL of ammonia. Then,
the solution is stirred for 22 hours at room temperature.
The synthesized ceria nanoparticles are characterized using
UV-Vis spectroscopy (dual beam PG 90+) to detect the
absorbance dispersion and consequent bandgap calculation.

The experimental test bed used to detect the change of
the fluorescence intensity peak due to the change of DO
concentration and PH value in the aqueous solution is shown
in Figures 5 and 6. The fluorescence spectroscopy system
consists of a near-UVLEDof central wavelength of 430 nm as
an excitation source exposed to a three-neck flask containing
DI water solution of the synthesized ceria nanoparticles.
Oxygen and nitrogen gases are fed through individual lines
through double-holes cork placed into one of the necks on
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Figure 7: The sensor operation management framework.

the flask and controlled by a mass flow rate controller. The
probe of a commercial DO meter (Thermo Scientific A500
with a measurement range up to 50mg/L) is inserted in the
second neck of the flask to measure DO concentration. The
fluorescence signal is collected from the colloidal solution
scanned by a Newport Cornerstone 1300 monochromator,
positioned at a 90∘ angle to the excitation signal forminimum
scattering effects. Then, a photomultiplier tube (Newport
PMT 77340) is connected to a power meter (Newport Power
meter 1915-R) for fluorescence intensity monitoring. Same
setup is used for PH detection at normal DO concentration,
by removing both oxygen and nitrogen inlets with varying
added concentrations of acid (HCL). The value of PH is
measured using same meter (Thermo Scientific A500) but
with the optimum probe for PH detection.

2.3. Autonomous Sensor OperationManagement System. Fig-
ure 7 is a block diagram of the sensor framework where the
main sensing element is interfaced with an autonomously
managed wireless sensor network for water quality monitor-
ing.The sensing function is interconnected to the cyber layer
for control, management, and monitoring.

The nanosensor is interfaced with an A2D chip, a
powerful microcontroller chip, a GPS chip, and wireless
transmission module. The microcontroller is programed to

control the activation and deactivation of the sensing element
and control the measurement configuration if necessary.
The microcontroller receives its guideline from a remote
management server. Each sensor has a unique identifier that
is used in all transmissions along with the geographical
location of the sensor in case of mobility. The system is built
to be as generic as possible allowing more sensing elements
to be attached to the same sensing elements if the application
requires that.

The system is built to scale, where sensors are grouped
into different zones. The sensor feedback and location are
dispatched frequently based upon either event change and
query or a predetermined schedule to a central data collection
node at each zone.This node applies partial analysis and data
grouping and dispatches a comprehensive zone status-report
to the management server for further analysis and guidance.
The algorithms used to establish such analysis are application
dependent. We devised a simple case study with a simple
model for the excremental study just to reflect the effect of
such automation on the quality of the system output.

3. Results and Discussion

3.1. Evaluation of HI-Based Data Classification and Forward-
ing Scheme. In this subsection, we conduct a simulation
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scenario for evaluating the proposedHI-based schemeof data
classification and forwarded data adopted by the powerful
advanced nodes in the DSFS subsystem.

3.1.1. Simulation Setup. In this section, we provide a pre-
liminary simulation study for the proposed classification
and forwarding scheme. Using the discussed example in
Section 2.1.2, we conducted a simple scenario of a WSN-
based pollution monitoring and data forwarding network
using Java based discrete time event-driven WSN simulator,
called J-Sim [35].We target a river as a network context where
sensors will be distributed along a river bank. Figure 8 shows
a layout of the scenario which depicts the network topology
and communication amongst sensor nodes. We assume a
linear WSN where sensors forward data to the next available
sensors. We have two different types of sensors which are
the normal node and the advanced node. The last type
can access registered data patterns and decide whether the
forwarded data are of a certain importance or not. According
to the calculated information entropy and gain besides the
constructed weighted binary decision trees, the advanced
nodes will forward data to the final network destination. We
assume that we have two types of pollutants that will result
in various levels of pollution indicators which depend on
measuring the concentrations of dissolved oxygen (DO) and
PH levels in regions of interest in the river. In case of having
low measurements of DO and low levels of PH, this means
that we have indication of a combined low water quality

level. On the other hand, if there are measurements’ levels,
from one sensor type, refering to a certain low water quality
indication, this means that we have an explicit low water
quality level. Table 2 shows the simulation parameters. Table 3
shows a set of key metrics which are used to study the offered
QoS and network performance.

Figure 9 shows that advanced nodes allocate more
resources and bandwidth for data flows concerning high level
readings from dissolved O

2
sensors. The figure shows that,

at early time, low water quality levels are detected and then
huge amount of data are allowed to flow from normal sensor
nodes to the destination. Also, some advanced nodes find
high water quality levels based on measured dissolved O

2

concentrations. Once the water quality-related data patterns
reach a certain information gain, advanced nodes allocate
more resources and forward the related data to the final
destination. So, in case of optimum water quality levels, less
traffic is found since small information gain is calculated (i.e.,
we have in this case normal operations with low information
entropy).

Figure 10 shows that there are higher data throughputs
measured at the final destination in case of detecting low
water quality levels in case of having one source (only
dissolved O

2
concentrations) or with two sources (dissolved

O
2
concentrations and PH levels). This is because more data

packets will be forwarded amongst sensor nodes till reaching
the destination.

Figure 11 depicts the response of the WSN to a low
water quality level that exists widely in the studied context.



10 Journal of Sensors

High water quality throughput
Low water quality throughput
Optimum throughput

50 100 150 200 250 3000
Simulation time (seconds)

0

200000

400000

600000

800000

1e + 006

Th
ro

ug
hp

ut
 (b

yt
es

/s
ec

)

Dissolved O2-related water quality data throughput

Figure 9: Data throughput based on detected dissolved oxygen-
related water quality.

O
pt

im
um

 q
ua

lit
y

Av
er

ag
e m

ax
im

um

C
om

bi
ne

d 
hi

gh
qu

al
ity

 le
ve

l

C
om

bi
ne

d 
lo

w
qu

al
ity

 le
ve

l

lo
w

 q
ua

lit
y 

le
ve

l
Ex

pl
ic

it
O

2
-r

el
at

ed

0
1
2
3
4
5
6
7
8
9

th
ro

ug
hp

ut
(b

yt
es

/s
ec

on
ds

)

×105

Figure 10: Average maximum throughput measured at running
various simulation scenarios.
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Table 2: Simulation parameters.

Simulation parameter Value
Number of sensor nodes 11
Number of normal sensor nodes 6
Number of advanced nodes 4
Number of final destinations 1
Initial node power 1000 watts
Packet size 512 bytes
Packet time to live (TTL) 255 seconds

Communication bandwidth Variable {200, 1000, 104, 106}
bytes/sec

Types of sensors Two {dissolved O
2
, PH}

Dissolved O
2
concentrations Low, high

PH levels Low, high
Number of defined low water
quality classes Three {low, high, no}

Status of operating sensors ON, OFF
Expected number of data
patterns 8

Pollution threshold >50% of stored patterns
Patterns analysis and reasoning
frequency Every 15 seconds

Number of generated rules 3
Simulation time 300 seconds
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Figure 12: Average residual power per sensor node versus the
simulation time.

Many advanced nodes are able to detect low dissolved O
2

concentrations at the studied context and, hence, they allow
data flows to pass to the final destination.

We studied the average residual power at the first dead
sensor node. As shown in Figure 12, the degradation in power
increases as there are readings related to low water quality
levels. Hence, more data packets will be forwarded to the
final destination. Also, the figure shows that combined low
water quality levels, which comprise readings related to low
quality indicators based on the measured concentrations of
dissolved O

2
and PH levels, result in more degradation in
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Table 3: QoS and network performance metrics.

Metric Unit Description
Received data throughput Bytes/seconds The amount of data received by the final destination

Average maximum throughput Bytes/seconds The average of maximum throughput captured at the final destination when
running the same scenario for more than one time

Water quality level detection time Seconds Delay introduced by the time needed to measure amounts of data readings for
determining a specific water quality level

Average residual power per sensor Watt The average amount of measured residual power at sensors after running the
simulation scenario and forwarding data
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Figure 13: (a) Absorbance dispersion for the synthesized ceria nanoparticles and (b) direct allowed bandgap calculation.

the residual power level compared with the case of explicit
low water quality level in case of having many measurements
of low O

2
levels.

3.2. Optical Nanoparticles Characterization. Figure 13(a)
shows the resulting absorbance dispersion of the synthesized
nanoparticles. Based on the resulting absorbance measure-
ments, the allowed direct bandgap semiconductor of the
synthesized nanoparticles can be found through the following
equation [36]:

𝛼𝐸 = 𝐴
∗

(𝐸 − 𝐸
𝑔
)
1/2

, (7)

where 𝐴∗ is a constant for the given material depending on
its refractive index and effective masses of both electrons
and holes, 𝐸 is the absorbed optical energy, and 𝐸

𝑔
is the

direct allowed bandgap energy. Then, (𝛼𝐸)2 is plotted with
the absorbed optical energy, and the intersection with 𝑥-axis
gives the value of bandgap energy as shown in Figure 13(b).

Figure 14 shows the change of the visible fluorescence
emission intensity at 520 nm from the ceria nanoparticles
with increasing DO concentration at normal PH, ∼7, under
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Figure 14: Visible fluorescence spectra at different DO concentra-
tion within neutral PH (∼7).
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near-UV excitation. We speculate that this is due to a release
of oxygen stored in the ceria lattice when the nanoparticles
are introduced into the solution. Also, the emitted fluo-
rescence emission is found to be reduced with increasing
the added acidic concentration which consequently reduces
the value of PH as shown in Figure 15, at normal DO
concentration level (∼8 ppm).

4. Conclusions

This work presented a smart network management system
for efficient data classification and forwarding and decision
making. The system comprised two main subsystems, a data
sensing and forwarding subsystem (DSFS) and Operation
Management Subsystem (OMS). The DSFS adopted a novel
hybrid intelligence (HI) scheme for data classification and
forwarding in wireless sensor networks integrating infor-
mation theory concepts, machine learning, fuzzy logic, and
weighted decision tress. Such adoption led to better energy
consumption, improved resource utilization, and optimized
QoS operation. Simulation scenarios discussed the per-
formance of a WSN employing the proposed scheme for
monitoring water quality indicators. Simulation results of
the proposed HI-based data classification and forwarding
scheme showed that the DSFS works efficiently with low
time overhead and success in achieving small levels of power
consumption for operating sensors. Additionally, we imple-
mented the presented approach constructing a small test bed
employing nano-enhanced sensing elements. Analyzing such
elements showed a clear change in the visible fluorescence
intensity with the variation of DO ratio. The reason is the
developed oxygen vacancies concentration formed inside
ceria nanoparticles which act as DO receptor. The entire

system operation is managed by an automated manage-
ment system. Results showed the clear effect of the smart,
trustworthy, and automated data collection and analysis on
the quality and accuracy of sensing. Having such system
is essential for easy data consolidation and information
extraction. Different, experiments were conducted to show
the effect of having such automation in enhancing the sensor
and the network lifetime even in presence ofmalicious nodes.

The proposed system is an adequate solution for a
comprehensive automated management of DO sensors in
the aqueous media. The automation platform within the
OMS is built to be generic and can be easily modified to
be used with wide variety of other applications and sensing
elements achieving wide scope of applications. Our future
work includes testing the proposed scheme experimentally
for other applications and in large-scale scenarios.
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The metropolitan city of Seoul uses more energy than any other area in South Korea due to its high population density. It also has
high emissions of air pollutants. Since an individual usually spends most of his/her working hours indoors, the ambient air quality
refers to indoor air quality. In particular, PM

10
concentration in the underground areas should be monitored to preserve the health

of commuters in the subway system. Seoul Metro and Seoul Metropolitan Rapid Transit Corporationmeasure several air pollutants
regularly. In this study, the accuracy of an instrument for PM measurement using the light scattering method was improved with
the help of a linear regression analysis technique to continuously measure the PM

10
concentrations in subway stations. In addition,

an air quality monitoring system based on environmental sensors was implemented to display and record the data of PM
10
, CO
2
,

temperature, and humidity. Through experimental studies, we found that ventilation fans could improve air quality and decrease
PM
10
concentrations in the tunnels effectively by increasing the air flow rate.

1. Introduction

People spend most of their time indoors—either at home, in
the workplace, or in transit. Thus, there has been an increas-
ing concern over indoor air quality (IAQ) and its effects
on public health. The US Environment Protection Agency
(EPA) reported that, in the US, the mean daily residential
time spent indoors was 21 h, while the GerES II reported that
this duration was 20 h in Germany. Thus, the IAQ has been
recognized as a significant factor in the determination of the
health and welfare of people [1]. The Korea Ministry of Envi-
ronment (KMOE) enforced the IAQ act to control five major
pollutants, including PM

10
, CO
2
, CO, VOCs, and formalde-

hyde in indoor environments. Out of these, the IAQ standard
for PM

10
concentration is 150𝜇g/m3. The IAQ is critical not

only in buildings but also in underground areas and public

transportation systems. Much effort has been made for the
improvement of the IAQ in subway stations [2–5].

Among the various types of indoor environments, under-
ground subway stations have especially unique features. The
confined space occupied by the underground subway system
can accumulate the pollutants entering from the outside in
addition to those generated within the system.Therefore, it is
likely that the subway system in the Seoul metropolitan area
contains different types of hazardous pollutants due to the old
ventilation and accessory systems [3, 6].

Recently, Platform Screen Doors (PSDs) were installed
and are being used in many subway stations in Korea to
prevent the diffusion of air pollutants into the subway stations
and ensure the safety of the public. Some previous studies
reported that the PM concentration in subway stations signif-
icantly reduced after the installation of PSDs [7, 8]. However,
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they suggested that the PM concentration in the tunnels
would be much higher due to the interruption of particle
diffusion into the subway stations by the PSDs. Moreover,
most of the ventilation fans may not be working properly
because of their deterioration and the high operational
cost. Therefore, the PM concentrations in the tunnels have
probably been high for a long period of time.

The IAQ in the subway stations can be affected by
many factors, such as the number of passengers, the outside
conditions, and the natural ventilation rate [9, 10]. The
management and monitoring of IAQ in subway stations have
become an important issue of public interest [11–13]. Some
environmental sensors are important for monitoring IAQ
in subway systems and they provide the data needed for
continuous online implementation. Sometimes, these sensors
in subway stations suffer from poor quality of data and the
unreliability of the sensor due to the highly deteriorated
and polluted environment, which may cause the measuring
instruments installed for monitoring to malfunction. The
quality of the online measurement can determine the failure
or success of IAQmonitoring and assessment. Althoughmost
researchers and practitioners agree with this opinion, very
little attention has been given to the study of sensors in a
realistic manner [14, 15].

In this study, the accuracy of the instrument for PM
measurement using light scattering method was improved
with the help of a linear regression analysis technique to
continuouslymeasure the PM

10
concentrations in the subway

stations [16]. In addition, the air quality monitoring system
based on environmental sensors was implemented to dis-
play and record the data on PM

10
, CO
2
, temperature, and

humidity [17, 18]. Finally, for underground subway stations
with natural ventilation, some ventilation fans were installed
in order to improve the air quality in the tunnels. Through
experimental studies, we found that the ventilation fans could
improve the air quality in the tunnels and decrease the PM

10

concentration in the tunnels effectively by increasing their air
flow rate.

2. Experimental Methods

2.1. PM Measuring Instruments. Particulate matter with an
aerodynamic diameter less than 10 𝜇m (PM

10
) is one of

the major pollutants in subway environments. The PM
10

concentration in the underground areas should bemonitored
to protect the health of the commuters in the underground
subway system. Seoul Metro and Seoul Metropolitan Rapid
Transit Corporation measure several air pollutants regu-
larly. As for the PM

10
concentration, generally, measuring

instruments based on 𝛽-ray absorption method are used.
In order to keep the PM

10
concentration below a healthy

limit, the air quality in the underground platform and tunnels
should be monitored and controlled continuously. The PM

10

instruments using light scattering method can measure the
PM
10
concentration once every several seconds.However, the

accuracy of the instruments using light scatteringmethod has
still not been proven since they measure the particle number
concentration rather than the mass concentration [19].

Table 1: Specifications of PM measuring instruments.

Instrument Ebam Esampler HCT-PM326
Method 𝛽-ray absorption Light scattering Light scattering
Range 0∼100mg/m3 0∼65mg/m3 0∼1mg/m3

Sampling flow
rate 16.7 L/min 2 L/min 0.8 L/min

Sampling
period 60min 1 sec 6 sec

Figure 1:The PMmeasuring instrument HCT-PM326 connected to
ATmega128(L) CPU board.

The purpose of this work is to study the accuracy
improvement of the instruments which use light scattering
method to continuously measure the PM

10
concentrations in

the underground subway stations. One instrument using 𝛽-
ray absorptionmethodEbam (Met one instrument,USA) and
two different instruments using light scattering method, that
is, Esampler (Met one instrument, USA) and HCT-PM326
(HCT, Korea), were installed on the platform at “Jegi” subway
station of Seoul Metro line number 1 in order to evaluate
their dynamic performances. The specifications of the PM
measuring instruments are listed in Table 1. Figure 1 shows
the PM measuring instrument HCT-PM326 connected to
the ATmega128(L) CPU board, which is used to display the
measured data and transfer them to anm2mwirelessmodem.

2.2. CO2 Sensor. Of late, the monitoring of carbon dioxide
(CO
2
) has been considered very important for passengers

and employees in underground subway stations due to
the health risks associated with carbon dioxide exposure.
For instance, headache, sweating, dim vision, tremors, and
loss of consciousness are caused by exposure to high CO

2

concentration for a long time.
CO
2
gas sensors being used presently can be divided into

two types. The first one is NDIR (Nondispersive Infrared)
method and the second one is a chemical method. They
are commonly available for monitoring CO

2
concentrations

indoors. However, chemical CO
2
sensors have many limita-

tions that prevent their application to a variety of practical
fields. The obvious drawbacks of chemical CO

2
sensors

are short-term stability and low durability. This is because
chemical sensors are easily deteriorated by heterogeneous
gases andminute particles in the ambient polluted air. On the
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Figure 2: Pin assignment of the NDIR CO
2
sensor H-550 (ELT, Korea).

Table 2: Specifications of the NDIR CO
2
sensor H-550.

Range 0∼50,000 ppm
Sensitivity ±20 ppm ± 1%
Accuracy ±30 ppm ± 5%
Response time (90%) Within 30 sec

Figure 3:TheNDIRCO
2
sensorH-550 connected toATmega128(L)

CPU board.

other hand, since the NDIRmethod uses the physical sensing
principle, such as gas absorption at a particular wavelength
[20], NDIR sensors are more advanced in terms of long-term
stability and accuracy during CO

2
measurement. Hence,

NDIR CO
2
sensors are the most widely applied for real-time

monitoring of CO
2
concentration [21].The pin assignment of

the NDIR CO
2
sensor H-550 manufactured by ELT Co. Ltd.,

Korea, and its connection to ATmega128(L) CPU board are
shown in Figures 2 and 3, respectively. The specifications of
the NDIR CO

2
sensor H-550 are listed in Table 2.

2.3. Temperature and Humidity Sensor. Seoul Metropoli-
tan Rapid Transit Corporation measures temperature and
humidity as well as PM

10
and CO

2
in the waiting rooms of

the subway stations regularly. Temperature and humidity can
also be used for the analysis andprediction of IAQ in a subway
station [22–24]. As for temperature and humidity sensors, the
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Figure 4: Pin assignment of the temperature and humidity sensor
SHT11.

SHT11 board

ATmega128(L) RS232C

SDA
SCL 232

MAX

Desktop monitor

LCD on CPU board

: SHT11 board → ATmega128(L)
: ATmega128(L) → desktop PC
: ATmega128(L) → LCD on CPU board

Figure 5: The temperature and humidity sensor SHT11 connected
to the ATmega128(L) CPU board.

SHT11 manufactured by Sensirion was chosen in this study. It
is a single chip relative humidity and temperaturemultisensor
module, comprising a calibrated digital output. It is coupled
to a 14-bit analog to digital converter and the 2-wire serial
interface and internal voltage regulation, which allow easy
and fast system integration. The pin assignment of SHT11 is
shown in Figure 4. Figure 5 shows that the SHT11 is connected
to ATmega128(L) CPU board, which transmits temperature
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Table 3: Specifications of the temperature and humidity sensor
SHT11.

Temperature range/accuracy −40∼123.8∘C/±0.4∘C
Humidity range/accuracy 0∼100%/±3.0%

and humidity data to the desktop PC using RS232C interface.
The measuring range and accuracy of SHT11 are given in
Table 3.

2.4. Air Quality Monitoring System in a Subway Station. This
paper presents the implementation of an IAQ monitoring
system, which uses sensor modules for measuring PM

10
,

CO
2
, temperature, humidity, and a data processing module

with CDMA (Code Division Multiple Access) communica-
tion capabilities for the transmission and management of
the measurement results. The need for air quality measuring
over large underground subway areas, such as waiting rooms,
platforms, and tunnels, necessitates wireless connectivity for
the measuring device. Wireless sensor networks represent a
vast and active research area in which a large number of
applications have been proposed, including indoor air quality
monitoring and control [25], structural health monitoring
[26], and trafficmonitoring [27]. Figure 6 shows an air quality
monitoring system for subway stations. The sensor and
CDMAmodules were installed at a waiting room, a platform,
an outdoor site, and tunnels. MDT-800 (Telit, UK) is used
for CDMA communicationmodules, while theMDT-800 is a
completemodem solution for wirelessm2m applications.The
MDT-800 with a frequency band of about 800MHz is ideally
suited for real-time monitoring and control applications
without the need for human intervention between remote
machines and back office services. The measured air quality
data were transmitted to the m2m platform via the CDMA

CCMS

DDC

Fan unit

Sensor

Inverter

Monitor signal

Control
signal

PM10

Figure 7: Ventilation fans and control systems installed at the
natural ventilation point in the tunnel.

Repeater and the BTS (Base station Transceiver Subsystem),
eventually reaching the air qualitymonitoring server through
the internet.

2.5. Ventilation Fan System to Control IAQ in a Subway
Station. ThePSDs improved the indoor air quality in subway
stations. However, the air quality in the subway tunnels
became worse. Therefore, ventilation systems are needed to
improve the air quality in the subway tunnels. Some subway
stations of Seoul Metro line number 1 had no ventilation
systems for tunnels, “Jegi” subway station being one of them.
In this study, we tried to improve the air quality by installing
ventilation fans at the natural ventilation points in the tunnel
at “Jegi” subway station. Figure 7 shows the ventilation fans
and control systems installed at the natural ventilation points
of the tunnel. The Central Control and Monitoring System
(CCMS) monitored the PM

10
concentration in the tunnel. It
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Table 4: Specifications of the ventilation fan.

Input voltage 220V
Rated power 600W
Rated speed 1,750 rpm
Static pressure 15∼20mmAq
Air volume 3,600CMH

Figure 8: Ventilation fans installed at the natural ventilation point
in the tunnel at “Jegi” subway station.

controls the inverter of the ventilation fans so that if the air
quality in the tunnel deteriorates and the PM

10
concentration

increases more than the permissible limit, it can operate
the ventilation fans using the Direct Digital Control (DDC).
Figure 8 shows the ventilation fans installed at the natural
ventilation point in the tunnel at “Jegi” subway station. The
specifications of the ventilation fan are listed in Table 4.

3. Results and Discussion

3.1. Accuracy Improvement of the PM Measuring Instruments
HCT and Esampler. A linear regression analysis method
was used to improve the accuracy of HCT using the light
scattering method.The data measured by this PMmeasuring
instrument had to be converted to actual PM

10
concen-

trations using some factors. One instrument using 𝛽-ray
absorption method (Ebam) and the other instruments using
light scattering method (HCT, Esampler) were installed and
measurements were taken on the platform of a subway
station of Seoul Metro line number 1 for 5 days as shown
in Figure 9. The measured PM

10
concentrations of Ebam

and HCT are shown in Figure 10. The RMSE (Root Mean
Square Error) in Figure 10 was 72.5227𝜇g/m3. Using the
linear regression analysis technique shown in Figure 11, the
measured PM

10
concentration of HCT in Figure 10 can be

corrected as shown in Figure 12. The RMSE in Figure 12 was
17.7128 𝜇g/m3. In Figure 11, the correlation coefficient 𝑅2 was
0.9324.Next, themeasured PM

10
concentrations of Ebamand

Esampler are shown in Figure 13. The RMSE in Figure 13 was
94.7440 𝜇g/m3. Using the linear regression analysis technique
shown in Figure 14, the measured PM

10
concentration of

Esampler in Figure 13 can be corrected as shown in Figure 15.
The RMSE in Figure 15 was 22.6132 𝜇g/m3. In Figure 14, the
correlation coefficient 𝑅2 was 0.8818. It can be seen in Figures

Figure 9: PM measuring instruments installed in “Jegi” subway
station.

Ebam versus HCT (before correction)

HCT data
Ebam data

20 40 60 80 100 1200
Time (hour)

PM
10

(𝜇
g/

m
3 )

0

100

200

300

400

500

Figure 10: PM
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concentrations of Ebam andHCTmeasured on the

platform of “Jegi” subway station.
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Figure 11: Linear regression analysis.

12 and 15 that the measured PM
10

concentrations of HCT
and Esampler are very similar to that of Ebam if they are
corrected using a linear regression analysis technique. This
finding suggests that the PM measuring instruments using
light scattering method can be used to measure and control
the PM

10
concentrations of the underground subway stations.

Because HCT is much cheaper than Esampler and is better in
RMSE, we chose HCT to measure the PM

10
concentrations
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analysis.
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Figure 13: PM
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concentrations of Ebam and Esampler measured
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Figure 14: Linear regression analysis.

of the underground subway stations. However, because of Fe-
containing particles, the particles in tunnel are heavier than
those of same size in waiting room, platform, and outdoor
site. So, the calibration of Figure 12 should be done for every
location such as tunnel, waiting room, platform, and outdoor
site.

Ebam versus Esampler (after correction)
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Ebam data
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Figure 15: PM
10
concentrations corrected using a linear regression

analysis.

3.2. Monitoring of Air Quality in a Subway Station. The air
quality measuring instruments for PM

10
, CO
2
, temperature,

and humidity were installed in the waiting room, platform,
and tunnel and at the outdoor site of “Daecheong” subway
station of Seoul Metro line number 3 as shown in Figure 16.

The PM
10
, CO
2
, temperature, and humidity data which

were measured in the waiting room of “Daecheong” subway
station for 3 days at a sampling interval of 30 sec are shown in
Figure 17. As for the PM

10
concentration, it was kept under

120 𝜇g/m3, which met the KMOE’s IAQ standard for PM
10

concentration (150𝜇g/m3). As for CO
2
concentration, it was

kept between 400 and 580 ppm, which met the KMOE’s IAQ
standard forCO

2
concentration (1000 ppm).The temperature

of the waiting room was 29–32∘C and the relative humidity
was 53–73%. Figure 18 shows the results for the platform at
“Daecheong” subway station. The PM

10
concentration was

kept under 75𝜇g/m3, whichwas lower than that in thewaiting
room. This was due to the PSDs, which blocked the dust
from the tunnel. In addition, the ventilation fans on the
platformwere operatedmore frequently compared to those in
the waiting room because passengers gather at the platform.
The CO

2
concentration was 500–700 ppm, which was a little

higher than that in the waiting room. It was because of the
crowd of passengers. Temperature of the platform was 31–
33∘C and the relative humidity was 50–64%.

Figure 19 shows the results for the tunnel between
“Daecheong” and “Hangnyeoul” subway stations. The
PM
10

concentration was 40–400𝜇g/m3, which was much
higher than KMOE’s IAQ standard for PM

10
concentration

(150 𝜇g/m3). However, it was lower than 50𝜇g/m3 when the
train stopped for 4 hours (1:00 a.m.–5:00 a.m.). Most of the
ventilation fans may not have been in working condition
because of their deterioration and high running cost.
Therefore, the PM

10
concentration in tunnels might have

been high for a long period of time. The CO
2
concentration

in the tunnel was 400–800 ppm, while the temperature was
27–31∘C and the relative humidity was 60–80%.

Finally, the data for the outdoor site at “Daecheong” sub-
way station are shown in Figure 20. The PM

10
concentration
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(a) Waiting room (b) Platform (c) Tunnel (d) Outdoor site

Figure 16: Air quality measuring instruments installed at “Daecheong” subway station.
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Figure 17: PM
10
, CO
2
, temperature, and relative humidity in the waiting room of “Daecheong” subway station.

was approximately 10–100 𝜇g/m3 except for two cases in
which it was higher than 700𝜇g/m3. The air quality of the
outdoor site at “Daecheong” subway station was relatively
good. The cause of the generation of two-pulse data is that
the PM

10
concentration was measured using light scattering

method. One of the demerits of light scattering method is
that, sometimes, it gives very large values. Environmental
sensors are important components for monitoring the IAQ
in subway systems, as they provide the data needed for
continuous online implementation. Sometimes, these sensors
suffer from poor data quality and sensor reliability due to
the hostile environment in the subway stations in which
the measuring instruments are installed for monitoring.
They may even fail for a long period of time as indicated
in Figure 20(a). These failures could reduce the accuracy
and reliability of the measurement, which may result in
an erroneous control action and false perception regarding
the performance of the monitoring system. Faulty sensors
that have either completely or partially failed could provide
incorrect information regarding monitoring and control.

Therefore, many researchers have tried to prevent these
problems [23, 28–30]. The CO

2
concentration of the outdoor

site was 400–520 ppm, while the temperature was 24–35∘C
and the relative humidity was 50–90%. It can be seen that the
relative humidity is inversely proportional to temperature.

3.3. IAQ in the Tunnel Controlled Using Ventilation Fan
System. As mentioned earlier, the tunnel at “Jegi” subway
station has no ventilation systems. Therefore, we installed
ventilation fans at the natural ventilation points of the tunnel
to improve the air quality, as shown in Figure 8. The CCMS
monitors the PM

10
concentration in the tunnel and controls

the inverter of the ventilation fans using the DDC. Figure 21
shows the experimental results of the PM

10
concentration of

the tunnel at “Jegi” subway station with offline fan control for
25 days. At first, the ventilation fans were stopped for 5 days
to investigate the effects of the ventilation fans. Subsequently,
the speed of the fans was set to 60Hz for 8 days and then to
70Hz for 6 days. Finally, for 5 days, it was set to 75Hz during
rush hours and 60Hz during off-peak hours to decrease the



8 Journal of Sensors

PM
10

(𝜇
g/

m
3 )

10 20 30 40 50 60 700
Time (hour)

0
10
20
30
40
50
60
70
80
90

(a) PM10 concentration

CO
2

(p
pm

)

450
500
550
600
650
700
750

10 20 30 40 50 60 700
Time (hour)

(b) CO2 concentration

Te
m

pe
ra

tu
re

(∘
C)

10 20 30 40 50 60 700
Time (hour)

24
26
28
30
32
34
36

(c) Temperature

10 20 30 40 50 60 700
Time (hour)

48

52

56

60

64

50

54

58

62

66

Re
lat

iv
e h

um
id

ity
 (%

)
(d) Relative humidity

Figure 18: PM
10
, CO
2
, temperature, and relative humidity at the platform of “Daecheong” subway station.
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Figure 19: PM
10
, CO
2
, temperature, and relative humidity inside the tunnel between “Daecheong” and “Hangnyeoul” subway stations.

loss of electric energy. Through experimental studies, we
found that the PM

10
concentration of the tunnel could be

decreased by increasing the air flow rate of the ventilation
fans (by increasing the speed of the ventilation fans). We also
noted an abrupt increase in the PM

10
concentration when

the fans were stopped for a day before the experiments were
completed.

Figure 22 shows the experimental results of the PM
10

concentration in the tunnel at “Jegi” subway station with
online fan control for 85 days. Initially, the ventilation fans
were stopped for 2 weeks. Then, as shown in Figure 7, the

DDC controlled the speed of the fans at 60, 70, or 75Hz
depending on the PM

10
concentration in the tunnel for

10 weeks. As shown in Figure 22, we found that the air
quality in the tunnel could be improved gradually by using
the ventilation fans, although it might cause the IAQ to be
affected by the ambient air.

4. Conclusions

An air quality monitoring system based on environmental
sensors was implemented to display and record the data of
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Figure 20: PM
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, CO
2
, temperature, and relative humidity at the outdoor site of “Daecheong” subway station.
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“Jegi” subway station with offline fan control.
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Figure 22: PM
10
concentration in the tunnel and the ambient air of

“Jegi” subway station with online fan control.

PM
10
, CO
2
, temperature, and humidity of waiting rooms,

platforms, tunnels, and outdoor sites at underground subway
stations. The accuracy of the PM measuring instruments
using light scattering methods was improved with the help of
a linear regression analysis technique to continuously mea-
sure the PM

10
concentrations in the subway stations. Even

though the accuracy was greatly improved, this approach had
its demerits, such as the generation of very large measured
data and the need to repeat the linear regression analysis
every time the PM measuring instruments were moved to
other places.

Ventilation fans were installed at the natural ventilation
points in the tunnel to improve its air quality. Through some
experimental studies, we found that the PM

10
concentration

of the tunnel could be decreased by increasing the rate of
air flow from the ventilation fans. Thus, the air quality of
the tunnel could be improved by using the ventilation fans,
although it might cause the IAQ to be affected by the ambient
air. Therefore, some strategies for controlling the ventilation
fan should be implemented such that the ventilation system
should switch off when the air quality outside is very poor.
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