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Many potentially harmful chemicals, released by industries
and human activities, can contaminate water, soil, or air and
further impact the environment and public health. Real-
time and in situ monitoring of various contaminants such
as pathogens, metals, radioisotopes, volatile organic com-
pounds, crude oil, and agricultural chemicals at low levels
is mandatory in the fields of industrial plants, automotive
technologies, health and medicine, air and water quality
control, natural soil/land/sea, and so forth. Reliable sensing
technologies with high performance are highly desirable to
address these issues. Sensitivity, selectivity, and limit of detec-
tion are several key parameters to evaluate the performance
of sensors. The aim of this special issue is to present original
research articles on all kinds of sensors for monitoring
environment. The topics cover various aspects including
design and fabrication of sensor platforms for environmental
monitoring, theoretical studies in sensing mechanisms and
principles for environmental monitoring, sensors for real-
time and in situ monitoring environments, detection of
pathogen in water, monitoring pollutant gases, inspection
and monitoring of contaminated soil/land/sea, development
of portable sensors for environmental monitoring, and mul-
titarget detection in environmental monitoring. The papers
in this special issue provide significant scientific contribution
to the development and applications of sensing technologies
in environmental monitoring. With respect to the above,
this collection of articles is expected to be of interest for
environmental engineering practitioners and researchers.
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This paper looks into the fundamental problem in computer vision: edge detection.Wepropose a new edge detector using structured
random forests as the classifier, which canmake full use of RGB-D image information fromKinect. Before classification, the adaptive
bilateral filter is used for the denoising processing of the depth image. As data sources, information of 13 channels from RGB-D
image is computed. In order to train the random forest classifier, the approximation measurement of the information gain is used.
All the structured labels at a given node are mapped to a discrete set of labels using the Principal Component Analysis (PCA)
method. NYUD2 dataset is used to train our structured random forests.The random forest algorithm is used to classify the RGB-D
image information for extracting the edge of the image. In addition to the proposed methodology, the quantitative comparisons of
different algorithms are presented.The results of the experiments demonstrate the significant improvements of our algorithm over
the state of the art.

1. Introduction

Edge is identified as an abrupt change in some low-level
image feature such as color or intensity. Edge detection
belongs to classification problem [1]. According to the feature,
an image pixel can be classified as an edge pixel or not. So
the core of the problem is to design a good classifier. There
are three methods based on the image types: gray image edge
detection algorithm, color image edge detection algorithm,
and RGB-D image edge detection algorithm.

The edge of the gray image is reflected by the change of
the edge gray value.This variation is generally reflected in the
roof change or step change. In the mathematics, it is reflected
in first derivative and second derivative. Therefore, there are
two main types of edge detection algorithm for gray images:
first-order differential image edge detection operator, such as
Sobel operator [2], Prewitt operator [3], Kirsch operator [4],
and Roberts operator [5], and second-order differential edge
detection operator, like Laplacian operator, LOGoperator [6],
and others such as Canny operator [7] and SUSAN operator
[8].

Compared to the gray images, color images contain more
RGB information and luminance information. The edge of
the color image is a collection of pixels that image color
changes dramatically in the local area.There are twomethods

of edge detection: scalar operation and vector operation.
Scalar operation converts the RGB vector of each pixel to
scalar processing. In scalar operation, one method is to
convert color image into gray image; another is three-channel
method based on graymethod, which divides the color image
into three channels. Each channel is calculated by gray level
method and the edge of color image is synthesized by three
channels according to predefined rules. In vector operation,
the RGB values of each pixel in the color image are considered
as the vector integral. In [9], the gray operator Prewitt is
extended to vector space. The gradient calculation method
of gray image is introduced to the color image by Di Zenzo
[10]. They calculate partial derivative to get the gradient
amplitude and direction of the color image. The paper [11]
extends quaternionmethod to the color image edge detection
method.

With the development of imaging device, the image
acquisition technology is getting better and better. Depth
image acquisition is becoming cheaper and more popular.
The algorithm of edge detection based on RGB-D image is
becoming more mature. In the paper [12], on the basis of the
gPb-ucm (Globalized Probability of Boundary-Ultrametric
Contour Map) algorithm [13], the algorithm combines the
depth information, RGB information, and texture informa-
tion for each direction.The support vector machines (SVMs)
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Figure 1: Process of edge detection.

with additive kernels [14] are used as the classifier. Dollar
and Zitnick [15] consider the depth information and the RGB
information (but not the texture information) and select the
structured random forest as the classifier, which is used for
edge detection. Its emphasis is on structural representation
of the random forest rather than the representation of feature
information. The depth information is used as a separate
image for the classification integration with the geometrical
features. In the paper [16], proposed approach firstly prepro-
cesses the original depth map of objects in indoor environ-
ments captured by an RGB-D camera system and then uses
the recovered depth map to detect sharp corners/edges on
objects and calculate their sharpness.The paper [17] proposes
a method that extracts occlusion edge in RGB-D frames by
deepConvolutionalNeural Networks. It avoids hand-crafting
of features for occlusion edges detection. The paper [18]
proposes a new probabilistic model, Contour Completion
Random Fields, which allows completing the boundaries of
occluded surfaces.

In this paper, we propose an improvedRGB-D image edge
detection algorithm based on structured forests [12, 15]. We
use adaptive bilateral filter to denoise the depth image and
make full use of the RGB-D image information and solve the
problem that the outline of the former is not obvious [12] and
the defect that the algorithm [15] misses details of the edge.

The rest of the paper is organized as follows: Section 2
refers to the information representation. Section 3 introduces
in detail structured forest algorithm. Section 4 describes
edge detection from RGB-D image. Section 5 shows the
experimental results. Section 6 sets out the conclusions and
presents lines for future work.

2. Representation

The Kinect sensor incorporates several advanced sensing
hardware items. Most notably, it contains a depth sensor,
a color camera, and a four-microphone array that provides
full-body 3D motion capture, facial recognition, and voice
recognition capabilities.

Figure 1 introduces the process of edge detection. Accord-
ing to Figure 1, our work is divided into two parts. Firstly, we
study how to describe the color information and the depth
information of the image. Secondly, we learn how to classify
these features’ information and how to extract the edge of the
image.

For each pixel, color features are studied, which include
brightness gradient (BG), color gradient (CG), and texture
gradient (TG). We also estimate its 3D location in the
scene and its surface normal orientation.The local geometric
information is used to calculate the edge information of each
pixel in three directions. A depth gradient (DG) indicates a
discontinuity of depth information, a convex normal gradient
(NG+) identifies the surface convex at a specified point in
a specified direction, and a concave normal gradient (NG−)
identifies the surface concaves at a specified point in a
specified direction.

Regarding color gradient and texture gradient in gPb
(Globalized Probability of Boundary) [12], they are important
to RGB-D image. These data mainly have the following three
rules: (1) it is a nonlinear noisemodel as |𝛿

𝑍
| ∝ 𝑍

2
|𝛿
𝑑
|, where

𝛿
𝑍
is the measurement error of depth information, 𝑍 is the

actual depth information, and 𝛿
𝑑
is the noncontinuity error of

depth observation (depending on the triangulation principle
of Kinect). This model leads to the systematic quantization
and the nonrandomness of the depth information. (2) The
lack of time synchronization between color channel and
depth channel leads to the deviation of dataset. (3) There is
lack of the depth information observations. We design the
geometric edge information extraction schemewith the phys-
ical interpretation in detail. We use the multiscale window
analysis, namely, adaptive joint bilateral filter, rather than
using interpolation to make up missing depth information.
In this system, least square method is used to fit the disparity
gradient instead of the points in the point cloud, and Savitzky
andGolay [19] parabolic is used to fit independent smoothing
orientation.

In order to estimate the local geometric edge information,
a disk is centered for each image. The disk is divided into
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two halves according to the predefined orientation, and
information was compared between two halves.This method
was proposed originally by Martin et al. [20] for the problem
of edge detection in monocular images. In our experiments,
4 disks with different radius varying from 5 to 20 pixels and
8 orientations are used. Three local geometric gradients DG,
NG+, andNG−were computed by the point cloud of 2 halves.
First, a planar model is used to represent the distribution
of points in each half. Then, the distance between the two
planes and the disk center is represented as DG, and the
angles between the normal and two planes are, respectively,
represented as NG+ and NG−. Figure 2 shows the details.

3. Structured Forests Algorithm

This paper chooses structured random forests as a classifier
due to the following four factors. (1)The classification is very
fast. The speed of the classifier based on the tree structure is
proportional to the depth of the tree, and the depth of the tree
is often low. (2)The effect of classification is very good.Neural
network adopts probing method to determine the network
structure, which leads to the low training efficiency of neural
network. Support vector machine (SVM) is to solve two-class
problem, but random forest is to solve themulticlass problem.
(3) The effect of parallelization is very good. Random forests
can be parallel to the different pixel locations and different
trees in the scene image, so the efficiency of the calculation
is high. (4) The addition of structural information makes the
classification more accurate.

The patches in the edges are good to exhibit the local
structure of images, such as linear or T-type junctions. Dollar
and Zitnick [15] use the structure of the local patches in
the image edge to propose an accurate and computationally
efficient edge detector. In [21], they improve the algorithm,

but partial image details aremissed. In this paper, the random
decision forest algorithm is applied to a structured learning
framework to predict the local edge information. Such a new
method for learning decision tree has good robustness, and
the structured label of the discrete can estimate standard
information gain.

3.1. Random Decision Forest. A decision tree 𝑓
𝑡
(𝑥) uses

recursive method to classify sample 𝑥 (𝑥 ∈ 𝑋) into left or
right subtree until it reaches a leaf node. In particular, every
node 𝑗 in the tree (eachnode can be viewed as aweak classifier
[22]) is associated with a binary partition function:

ℎ (𝑥, 𝜃
𝑗
) ∈ {0, 1} . (1)

If ℎ(𝑥, 𝜃
𝑗
) = 0, sample 𝑥 is classified into the right of the

node 𝑗 or else the left until it reaches a leaf node. After the
prediction of the tree, the output of the input 𝑥 is 𝑦 (𝑦 ∈ 𝑌),
which is in the leaf node.

The training of each tree is independent and the recursion
is used. For a given node 𝑗 and training set 𝑆

𝑗
⊂ 𝑋 × 𝑌, it is

important to find a parameter 𝜃
𝑗
of the partition function for

obtaining a good split of the data:

𝐼
𝑗

= 𝐼 (𝑆
𝑗
, 𝑆
𝐿

𝑗
, 𝑆
𝑅

𝑗
) , (2)

where 𝑆
𝐿

𝑗
= {(𝑥, 𝑦) ∈ 𝑆

𝑗
| ℎ(𝑥, 𝜃

𝑗
) = 0} and 𝑆

𝑅

𝑗
= 𝑆
𝑗

\

𝑆
𝐿

𝑗
. The norm of selecting the partition parameter 𝜃

𝑗
is to

maximize information gain 𝐼
𝑗
. The set 𝑆

𝐿

𝑗
is used to train the

left nodes and the set 𝑆
𝑅

𝑗
is used to train the right nodes.

The train is stopped if one of the following conditions is met.
The conditions are as follows. (1) The maximum depth is
achieved. (2) Information gain reaches the threshold. (3)The
number of samples is less than the threshold value.
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Input: training sample set 𝑆
𝑡

= {𝑋, 𝑌}, 𝑋 = {𝑥
1
, . . . , 𝑥

𝑁
}, 𝑌 = {𝑦

1
, . . . , 𝑦

𝑁
}

Output: random tree classifier
if all the training samples of 𝑆

𝑡
belong to the same category or |𝑆

𝑡
| = 𝑁 ≤ 𝑁

0
, then

return 𝐿𝑒𝑎𝑓𝑁𝑜𝑑𝑒(𝑝
𝑦
)

end if
select parameter space subset randomly: Γsub(𝑆𝑡) ⊂ Γ(𝑆

𝑡
)

for 𝑗 = 1 to |Γsub(𝑆𝑡)| do

𝐼
𝑗

= 𝐻(𝑆
𝑗
) − ∑

𝑘∈{𝐿,𝑅}

|𝑆
𝑘

𝑗
|

|𝑆
𝑗
|

𝐻(𝑆
𝑘

𝑗
)

end for
Compute the optimal parameter of the node classifier: 𝜃

𝑗

Set the current dataset of the left and right child nodes ⌀: 𝑆𝐿
𝑗

← ⌀, 𝑆𝑅
𝑗

← ⌀

for 𝑖 = 1 to 𝑁 do
if ℎ(𝑥

𝑖
, 𝜃
𝑗
) == 1 then

𝑆
𝐿

← 𝑆
𝐿

∪ {(𝑥
𝑖
, 𝑦
𝑖
)}

else
𝑆
𝑅

← 𝑆
𝑅

∪ {(𝑥
𝑖
, 𝑦
𝑖
)}

end if
end for
New left child node: 𝐿𝑒𝑓𝑡𝑁𝑜𝑑𝑒 = 𝐺𝑟𝑜𝑤𝑅𝑎𝑛𝑑𝑜𝑚𝑖𝑧𝑒𝑑𝑇𝑟𝑒𝑒(𝑆

𝐿
)

New right child node: 𝑅𝑖𝑔ℎ𝑡𝑁𝑜𝑑𝑒 = 𝐺𝑟𝑜𝑤𝑅𝑎𝑛𝑑𝑜𝑚𝑖𝑧𝑒𝑑𝑇𝑟𝑒𝑒(𝑆
𝑅
)

return 𝑃𝑎𝑟𝑎𝑒𝑛𝑡𝑁𝑜𝑑𝑒(𝜃, 𝐿𝑒𝑓𝑡𝑁𝑜𝑑𝑒, 𝑅𝑖𝑔ℎ𝑡𝑁𝑜𝑑𝑒)

Algorithm 1: Growth randomized tree (𝑆
𝑡
).

Input: Training sample set 𝑆 = {𝑋, 𝑌}, 𝑋 = {𝑥
1
, . . . , 𝑥

𝑁
}, 𝑌 = {𝑦

1
, . . . , 𝑦

𝑁
}

Output: Random Forest Classifier
for 𝑡 = 1 to 𝑇 do

Random sample the training set: 𝑆
𝑡

= 𝐵𝑜𝑜𝑡𝑠𝑡𝑟𝑎𝑝𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔(𝑆)

Train the random tree: 𝑇𝑟𝑒𝑒𝑅𝑜𝑜𝑡
𝑡

= 𝐺𝑟𝑜𝑤𝑅𝑎𝑛𝑑𝑜𝑚𝑖𝑧𝑒𝑑𝑇𝑟𝑒𝑒(𝑆
𝑡
)

end for
𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑜𝑟𝑒𝑠𝑡 = {𝑇𝑟𝑒𝑒𝑅𝑜𝑜𝑡

1
, . . . , 𝑇𝑟𝑒𝑒𝑅𝑜𝑜𝑡

𝑇
}

return 𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑜𝑟𝑒𝑠𝑡

Algorithm 2: Random forest classifier training algorithm.

For multiclass classification, the standard definition of
information gain can be defined as

𝐼
𝑗
(𝜃
𝑗

| 𝑆) = 𝐻 (𝑆
𝑗
) − ∑

𝑘∈{𝐿,𝑅}






𝑆
𝑘

𝑗
(𝜃
𝑗
)












𝑆
𝑗







𝐻 (𝑆
𝑘

𝑗
(𝜃
𝑗
)) , (3)

where 𝐻entropy(𝑆) = − ∑
𝑦

𝑝
𝑦
log(𝑝
𝑦
) represents Shannon

entropy and 𝑝
𝑦
is the probability of the set 𝑆 with label 𝑦. The

Gini impurity 𝐻Gini impurity(𝑆) = ∑
𝑦

𝑝
𝑦
(1 − 𝑝

𝑦
) can be used in

(3) alternatively.
A decision forest is a collection of𝑇 independent decision

trees𝑓
𝑡
. For a given sample 𝑥, it uses decision tree𝑓

𝑡
(𝑥) to get

an output.The selection of ensemble models mainly depends
on the set of outputs 𝑌, which includes average regression,
voting mechanism for classification, and more complicated
ensemble models [22].

Leaf nodes of the decision treemay store any information.
Whether the leaf nodes are reached depends on the input 𝑥,
so the prediction on multiple trees must rely on the effective
integration mode (ensemble model). The output 𝑦 may be

stored in every leaf node, which allows using complicated
outputs 𝑌 including structural output results in the paper
[23].

There may be high variance and overfitting in the single
decision tree. In order to reduce high variance of the classifier,
the randomness is introduced in the tree’s growth process and
the training sample of the selection tree. The decision forest
trainsmultiple decision treeswithout relevance and combines
their outputs to improve the disadvantages. The critical part
of the training is to achieve the diversity of the decision tree.

In order to guarantee the diversity of the tree, the Boot-
strap Sampling is adopted to resample and the samples with
differences are generated.At the node level, the randomness is
introduced to generate the model of higher accuracy, which
is also proved to be very effective. For each node, Γsub was
selected from Γ (complete parameter space) randomly, and
Γsub is a subset of Γ. The algorithm of random forest classifier
training is shown in Algorithms 1 and 2.

In practical application, the accuracy of a single decision
tree is lost to meet the diversity of the ensemble model.
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Figure 3: Training process and testing process of structured random forests.

A similar approach is used to introduce approximate infor-
mation gain norm for the structured labels, that is, the
structured decision forest discussed in this paper.

3.2. Structured Random Decision Forests. In this part, the
random decision forest is extended to the structured output
space 𝑌. There are two main challenges in using structured
labels to train random forests. First, structured output space
is usually high-dimensional and complicated. Therefore, the
computation of evaluation on many structured label splits is
very expensive. Second, it is not an accurate method to define
the information gain of the structured labels.

In this paper, the approximation measurement of the
information gain is used to train the random forest classifier.
The optimal split function, which is described above, is not
necessary. We aim to map all the structured labels 𝑦 ∈ 𝑌

at a given node into a discrete set of labels 𝑐 ∈ 𝐶, where
𝐶 = {1, . . . , 𝑘}. A similar structured label 𝑦 is assigned to the
same discrete label 𝑐.

Calculation of information gain depends on measuring
similarity on 𝑌. However, for most structured output spaces
including those used for edge detection, the similarity calcu-
lation on𝑌 is not easy to define.Therefore, a mapping from𝑌

to temporary space𝑍 is defined, and the distance of the space
𝑍 is easy to measure. Finally, the two steps are as follows: (1)
mapping 𝑌 → 𝑍 (2) mapping 𝑍 → 𝐶. We will describe the
method in detail in the next installment.

For most structured output spaces including those used
for edge detection, a mapping form is defined as

Π : 𝑌 → 𝑍. (4)

Thus we can approximate estimation dissimilarity of 𝑦 ∈ 𝑌

by the Euclidean distance over 𝑍.
The space 𝑍 may be high-dimensional. So we resample

𝑍 at 𝑚 dimensions and get a reduced mapping Π
𝜙

: 𝑌 →

𝑍. During training, different mappings Π
𝜙
are randomly

generated and applied to training labels 𝑌
𝑗
at each node 𝑗.

This method has two advantages: (1) computing Π
𝜙
is much

faster than computing Π; (2) extra randomness is introduced

during resampling 𝑍, which guarantees the diversity of the
tree.

We also introduced Principal Component Analysis to
reduce the dimensionality of 𝑍. PCA not only can denoise
𝑍, but also approximately keep the Euclidean distance
unchanged. In our experiment, when Π

𝜙
is used with 𝑚 =

256, the dimensionality processed by PCAmapping is atmost
5 dimensions.

There are lots of possibilities to calculate the information
gain while giving a mapping: Π

𝜙
: 𝑌 → 𝑍. We introduced

a simple and efficient method. Map a set of structured labels
𝑦 ∈ 𝑌 into other discrete labels 𝑐 ∈ 𝐶, where 𝐶 = {1, . . . , 𝑘}.
The labels similar to 𝑧 are assigned to the same discrete label 𝑐.
Discrete label may be dualistic (𝑘 = 2) or multivariate (𝑘 > 2)
andwe can use the standard information gain as defined in (3)
based on Gini impurity or Shannon entropy. It is important
to add the discretization separately in training each node and
also depend on the distribution of the label at a particular
node (different from [18]).

There are two methods for mapping a given 𝑍 into
discrete label 𝐶. One approach is to use 𝐾-means to cluster
𝑧 into 𝑘 clusters. Another approach is to quantize 𝑧 by PCA
based on log

2
(𝑘) dimensions and assign a discrete label 𝑐

according to the quadrant of 𝑧. The two methods are similar,
but the latter is faster. We select PCA with 𝑘 = 2 in the
experiment.

Finally, how to combine 𝑛 labels (𝑦
1

⋅ ⋅ ⋅ 𝑦
𝑛

∈ 𝑌) into a
single forecastingmechanism is defined.Thismechanism can
accomplish training (correlating labels to nodes) and testing
(merging multiple predictions) simultaneously. Similarly, we
use 𝑚-dimensional mapping Π

𝜙
to compute 𝑧

𝑖
= Π
𝜙
(𝑦
𝑖
) for

each label 𝑖. The labels 𝑦
𝑗
(𝑗 = 1 ⋅ ⋅ ⋅ 𝑛) with 𝑧

𝑘
-centered are

chosen, which make the sum of distance between 𝑧
𝑘
and 𝑧

𝑖

(𝑖 = 1 ⋅ ⋅ ⋅ 𝑛) minimize. Figure 3 shows training process and
testing process of structured random forests.

4. Edge Extraction from RGB-D Image

This part discusses how to apply the feature information
to the structure forest model and extract edges from a
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RGB-D image using this system.The system’s input imagewill
contain a variety of information, for example, RGBorRGB-D.
According to this information, the dualistic variable is used to
indicate whether it has edges or not. The method of semantic
image labeling is similar to that in the paper [23]. The label
in a small image block is independent of each other, which
provides a good candidate for the structure forest approach.

Given a segmented training image sample, the edge
between the patches is regarded as edge. An image patch is
segment membership for each pixel with segmentation mask
indicator or a dualistic edge map. The former is expressed as
𝑦 = 𝑌 = 𝑍

𝑑×𝑑, and the latter is expressed as 𝑦


∈ 𝑌


=

{0, 1}
𝑑×𝑑, where 𝑑 is means of patch width. An edge map 𝑦



is deduced from segmentation mask 𝑦. Two representations
are both used in this paper. The main process flow of our
edge extraction algorithm for RGB-D image is as shown in
Figure 4.

How to compute input features 𝑥 and use 𝑥 for segmen-
tation mapping functions Π

𝜙
is discussed in the remainder

of this section. In addition, we introduce integrate multiple
prediction ensemble models.

A structured 16×16 segmentationmask is predicted from
a large 32×32 patch by ourmethod. For each image patch, we
add additional information channels; thus a feature vector𝑥 ∈

𝑅
32×32×𝐾 is generated, where𝐾 is the number of channels.We

use them in pixel lookups 𝑥(𝑖, 𝑗, 𝑘) and pairwise differences
𝑥(𝑖
1
, 𝑗
1
, 𝑘) − 𝑥(𝑖

2
, 𝑗
2
, 𝑘).

Inspired by the edge detection algorithm proposed by
Lim et al. [18], a similar set of color and gradient channels are
used in our paper. We compute 3-channel color information
and gradients with 2 normalized scales (original and half
resolution) in LUV color space. In addition, the gradient
channels of each scale are divided into 4 channels based on
the directions. We use the triangle filter with the radius of 2
and the downsampling with coefficient of 2. So the final result
is 3 kinds of color information, 2 kinds of magnitude, and 8
directions for a total of 13 channels information.

Because the factor of the downsampling is 2, there are 32 ⋅

32 ⋅ 13/4 = 3328 candidate feature points 𝑥(𝑖, 𝑗, 𝑘). Then we
compute the difference between the different feature points.
For every channel (8-pixel radius), triangular fuzzy is applied
and the resolution is 5×5 by the downsampling.We sample all
the candidate pairs and compute the difference. Finally, there
are (
5⋅5

2
) = 300 candidate features for each channel and 7228

candidate features for each patch.

In order to train decision trees, a mapping Π : 𝑌 → 𝑍

needs to be defined. Because we choose a structured label𝑦 of
16×16 segmentationmasks, one choice is to use Π : 𝑌 → 𝑌

,
where 𝑦

 is dualistic edge map corresponding to 𝑦. But the
Euclidean distance of space 𝑌

 cannot be computed.
We define another mapping Π, using 𝑦(𝑗) (1 ≤ 𝑗 ≤ 256),

to denote the 𝑗th pixel of mask 𝑦. Because the definition of 𝑦

is only related to the permutation, the generation of 𝑦(𝑗) has
no information about𝑦.We can check if𝑦(𝑗

1
) is equal to𝑦(𝑗

2
)

with 𝑗
1

̸= 𝑗
2
. In summary, a large-scale mapping function 𝑧 =

Π(𝑦) is defined, which encodes [𝑦(𝑗
1
) = 𝑦(𝑗

2
)] for every pair

of feature points with 𝑗
1

̸= 𝑗
2
. If the dimension of 𝑍 is (

256

2
),

we need only to compute an image patch with the subset of
𝑚 dimensions. We get a better result and capture the similar
segmentation masks with 𝑚 = 256 and 𝑘 = 2.

The output result of random forest ismore robust by com-
bining outputs of the decorrelated decision trees. However, it
is very difficult to achieve the fusion ofmultiple segmentation
masks (𝑦 ∈ 𝑌). Generally, multiple boundary mapping
(𝑦 ∈ 𝑌

) is used to achieve indirectly the fusion. This paper
takes advantage of the function that decision tree leaf node
is capable of storing any information. Besides segmentation
mask 𝑦, this paper learns corresponding boundary mapping
𝑦
, which enable multiple predictive results of the decision

tree to fuse averagely.
We use structured labels to capture entire image informa-

tion and reduce the number of decision trees𝑇which are used
to evaluate each pixel. So our method is very efficient. The
structured output is calculatedwith the density of 2 pixels. For
16 × 16 image patches, it receives 16

2
𝑇/4 ≈ 64𝑇 predictions

per pixel. In experiment, we set 1 ≤ 𝑇 ≤ 4.

5. Experiments

The images of our experiment are captured by Xbox Kinect
360 in the laboratory. We work with the NYUD2 dataset
and use the standard split of 795 training images and 654
testing images. These splits are carefully selected such that
images from the same scene are only in one of these sets.
Experimental results for laboratory scenes are shown in
Figures 5 and 6.

In Figures 5 and 6, RGB images are in the first row and
depth images are in the second row. The third row is the
algorithm proposed by Gupta et al. [12], who use SVMs as
classifier and combine the algorithm of depth image edge
detection. This algorithm is referred to as SG algorithm
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Figure 5: Comparison of three algorithms in different scene.
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Figure 6: Comparison of three algorithms in different scene.
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below. The fourth row is the algorithm proposed by Dollar
and Zitnick [15], who use structured forests method. This
algorithm is referred to as PD algorithm below. The fifth row
is our method.

In experiment, we choose four different scenes as the
detection object, and the details of the four scenes were
different. As shown in Figures 5 and 6, from scene 1 to scene
4, the details of the image are increasing. According to the
above results, we can find that, in the results of SG algorithm,
the lost edge information is too much, and the details of the
image nearly cannot be recognized. For example, in scene 1,
the edge of the display and the line of keyboard and mouse
are not clear; the keys of keyboard cannot be identified. From
the details of the image, PD algorithm and our method are
significantly better than SG algorithm.

According to the experimental results, the results from
algorithm proposed by Piotr Dollar mostly can be observed.
In the scene of the image details are less such as scenes 1 and
2; the performance is good. When the details of the image
are more such as scenes 3 and 4, the performance is poor, the
extracted image edge appears fuzzy, some of the boundary
is blurred, and the image details are lost more. For example,
the handle of drawer in scene 3 is missing. In scene 4, the
keyboard is lost, and the outline of the book is not clear.

According to Figures 5 and 6, this paper presents the
results of the improved algorithm, the image edge is clear
and accurate, and the details of the image are kept well.
When the details of the image are less, the performance of
our method is almost as good as PD algorithm. When the
details of the image are increased, our method is better than
PD algorithm. In particular, in the last scene, we propose
an improved algorithm that is significantly better than PD
algorithm in the presentation of the details of the desktop.

To quantitatively compare our algorithm with others
we work with the NYUD2 dataset. We report the standard
maximum 𝐹-measure, that is, 𝐹max, in Table 1. 𝐹-measure
is the harmonic mean of precision and recall traditionally,
which is given by

𝐹
𝛽

=

(𝛽
2

+ 1)Precision ⋅ Recall
𝛽
2 Precision + Recall

. (5)

When 𝛽 = 1, recall and precision are evenly weighted and
𝐹
1
measure is defined by

𝐹
1

=

2 ⋅ Precision ⋅ Recall
Precision + Recall

. (6)

Precision is the number of correct positive results divided
by the number of all positive results, and Recall is the number
of correct positive results divided by the number of positive
results that should have been returned. 𝐹-measure can be
interpreted as a weighted average of Precision and Recall, and
it can reflect the overall indicators.

We plot the precision-recall curve on edge in Figure 7 and
report the standard maximum 𝐹-measure metric (𝐹max) in
Table 1. As shown in Table 1, in our experiments, we report
three quantities for an algorithm, the Optimal Dataset Scale
(ODS) or best 𝐹-measure on the dataset for a fixed scale,

Table 1: Edge benchmarks on NYUD2.

ODS (𝐹max) OIS (𝐹max) AP
Gupta et al. 68.79% 71.35% 63.37%
Dollar and Zitnick 68.13% 69.98% 68.41%
Our algorithm 70.03% 72.11% 69.43%
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Figure 7: Evaluation of edge detectors on NYUD2 benchmark.

the Optimal Image Scale (OIS) or aggregate 𝐹-measure on
the dataset for the best scale in each image, and the Average
Precision (AP) on the full recall range.

As shown previously, Dollar andZitnick proposed a novel
learning approach based on structured random forests to
classify a pixel as a contour pixel or not. However, their
approach treats the depth information as another image,
rather than encoding it in terms of geocentric quantities.
Gupta et al. encode depth information in terms of geocentric
quantities, like NG−, making full utilization of the informa-
tion of RGB-D image. We extract the advantages of the two
methods to obtain a new algorithm. As shown in Figure 4,
according to precision-recall curve, in ourmethod, regardless
of the size of the recall value, precision will get a relatively
stable value. For Gupta et al., when the precision value is
larger, the value of recall is too small. For Dollar and Zitnick,
when the recall value is larger, the value of precision is too
small.

6. Conclusions

This paper exploits the information of RGB-D images and
makes full use of the brightness, color, texture, and depth
information by means of a circular disc. Before classification,
the adaptive bilateral filter is used to deal with the depth
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image and the output of the random decision forest is
structured, which makes the classification more accurate.
Experimental results show that the proposed algorithm is
more accurate than the others, and the algorithm can also
show a high degree of accuracy in the scene where image
details are rich. But in the experiment, we also found that the
speed of the improved algorithm is not accelerated, the same
as the SG algorithm and PD algorithm. The next step is to
ensure the accuracy of the algorithm to improve the speed of
the algorithm.
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With the rapid development of the Internet of Things (IoT), a variety of sensor data are generated around everyone’s life. New
research perspective regarding the streaming sensor data processing of the IoThas been raised as a hot research topic that is precisely
the theme of this paper. Our study serves to provide guidance regarding the practical aspects of the IoT. Such guidance is rarely
mentioned in the current research in which the focus has beenmore on theory and less on issues describing how to set up a practical
system. In our study, we employ numerous open source projects to establish a distributed real time system to process streaming
data of the IoT. Two urgent issues have been solved in our study that are (1) multisource heterogeneous sensor data integration and
(2) processing streaming sensor data in real time manner with low latency. Furthermore, we set up a real time system to process
streaming heterogeneous sensor data from multiple sources with low latency. Our tests are performed using field test data derived
from environmental monitoring sensor data collected from indoor environment for system validation. The results show that our
proposed system is valid and efficient for multisource heterogeneous sensor data integration and streaming data processing in real
time manner.

1. Introduction

With the highly rapid development of networks, IoT tech-
nologies, and web related technologies in recent years,
massive data service applications are developed. And these
systems live in independent, distributed, and heterogeneous
environment, respectively, on the web or offline. In the
traditional situations, different departments of an enterprise
or government have independent information systems,which
usually store information about personnel, products, or other
things to ease operation of the department. However, due to
lack of comprehensive design and inability to foresee future
development, it is often hard to share data among systems
belonging to different departments. It is also a common prob-
lem in scientific research, especially when interdisciplinary
study is inevitable where interoperability among independent
scientific data management systems is the use case.

Compared to these conventional database systems, amass
of IoT applications arise to collect, unify, share, and publish
sensory data. Mobile Crowd Sensing (MCS) [1] is the typical
situation in recent hot research fields, in which domain it

is often required to acquire, integrate, and further process
data from wireless sensor networks, traditional databases,
configuration files, online data services, and other potential
heterogeneous sources.

The integration of heterogeneous data is not a new
problem; despite the semantic web approach dedicated to
data representation perspective, people pay enough attention
to methodologies to query heterogeneous data sources [2].
A normal methodology is Wrapper-Mediator [3], where
mediator is responsible for handling user’s request and
providing a unified data accessing view, and each wrapper
is associated with each data source, mediator transforms
user’s query into wrappers’ query, respectively, and wrappers
interact with concrete data sources to mask heterogeneity.
In our study, Global Sensor Network (GSN) is just the
IoT middleware realizing such methodology. GSN abstracts
the mediator concept as virtual sensor, which serves as an
integrated data view that users can query with unified SQL
query sentences.The abstractionwrapper insideGSNhandles
the actual complexity and heterogeneity of data sources.
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These years have witnessed the stunningly growing num-
ber of sensors for people’s everyday life like smart phones,
wearable devices, wireless sensor networks, and social net-
works (they are kind of virtual sensors). These sensors are
around us and sense the environment we live in and in order
to provide more contextual and more accurate services they
produce data all the time. In the meantime, the data overload
problem has emerged in insular system and leads to inability
to effectively utilize real time information, however.

In our research, we aim to provide IoT application
architecture paradigm that comprises procedures spanning
data acquisition, integration, and utilization. As mentioned
before, in modern IoT data process applications, there are
two common and fundamental challenges, integration of
heterogeneous data and manipulating the data in real time
manner. For realistic IoT applications usually collecting
data from multiple heterogeneous sources, we use GSN to
handle this problem, and, after the acquisition and integra-
tion procedures, we program to populate data into Apache
Storm system. Apache Storm is a general purpose real time
distributed data processing system in contrast to Hadoop,
which features its distributed batch processing ability.

The motivation of this paper is to provide guidance with
respect to practical engineering aspects of the IoT. There
is a gap in current literature, where researchers concentrate
more on solving theoretical questions and less on describing
how to establish a practical system. The rest of the paper is
organized as follows. In Section 2, the development of IoT
as well as middleware atop IoT is reviewed. Section 3 depicts
the architecture of the system. Section 4 details the concrete
implementation of the system. In Section 5, we conclude our
current work and furthermore point out our future avenues
of research.

2. Related Work

The IoT would become a basic infrastructure in society just
like highway, water supply, and network. Beyond the current
network, the IoT is more than a revolution of the Internet as
it extends human beings’ sense and feeling of the physical
world; it is a dynamic autonomous network based on its
internal communication protocols. In such network, all the
physical and virtual items are identified by global unique
identification and communicate sensory data with each other
to achieve information sharing through intelligent interfaces
[4, 5]. These intelligent interfaces connect and communicate
with users, society, and environment context on the basis
of the agreed protocols. IoT is an extension and expansion
of the network based on the Internet to achieve intelligent
identifying, locating, tracking, monitoring, and managing.

As IoT draws extensive attention, a great number of
researches are focused on the study of IoT enabling technolo-
gies, comprising identification, sensing, communication, and
middleware [4, 6]. And to ease the process of IoT application
development, middleware for IoT is highly emphasized and
is becoming a widely employed approach [7–12]. Middleware
of IoT bridges thewide gap between physical things and high-
level applications and furthermore provides somededicatedly

designed services for one or more clients to employ locally or
remotely through network connection. The implementation
technologies of middleware comprise agent-based methods
[13], context awareness methods [12], service oriented archi-
tecture (SOA) based [14] methods, and other development
paradigms.

Several studies have focusedmore on wireless sensor net-
works. In [10], the authors described the outlook of middle-
ware for wireless sensor networks. Authors in [15] designed
and implemented a lightweight middleware platform for
distributed computation on wireless sensor networks. As
wireless sensor network is becoming a new paradigm [16]
in the realm of Internet of Everything, some studies have
been made on facilities virtualization. In [16], authors bring
an overview on the research of WSN virtualization by
middleware and discuss the design goals, system architecture,
service qualities, and challenges of WSN virtualization.

Data processing is always a critical issue in the domain of
IoT. Scientific data processing is more specific but somehow
distinguished because large-scale scientific data are typically
written into parallel file systems for fast writing speed, which,
in turn, leads to poor I/O performance while reading [17].
Furthermore, the generic operation of collecting data from
heterogeneous data sources as well as joining the data also
makes the reading and analysis process time-consuming [18].
And, to solve the problems, a variety of applications [17–20]
are developed in recent years.

However, beyond what people have achieved, we are also
confronted with quite a few issues in the frontier of IoT,
which concerns standardization, network addressing, secu-
rity, privacy, scalability, mobility, heterogeneity abstraction,
and some other problems [4, 6, 21].

Recently some new research hotspots arise. As cloud
computing is highlighted in both academics and industry,
cloud-centric IoT finds its way into mainstream. Reference
[22] discusses the realization and challenges in cloud-centric
IoT. Authors in [23] make an investigation on data mining
for IoT. Context aware computing also enters into the realm
of IoT [24]. Semantic or ontology related approach is utilized
in IoT as well [25, 26].

Despite the challenges, IoT based applications have
emerged in many domains over the years, such as healthcare
[27], agriculture management [26, 28, 29], social relations
study [30], context aware computing [24, 31], smart city [32,
33], and smart house [34].

3. System Architecture

Our proposed system architecture consists of three layers as
Figure 1. At the bottom are physical sensors. In our case, we
build a wireless sensor network using the two different types
of wireless sensor nodes and a programing board directly
connected to a PC through USB cable. Then, the serial port
data is listened to by GSN (Global Sensor Network), which
is going to receive the sensor data with further aggregation
and filtration. GSN can act as a general purpose sensor
middleware capable of accepting heterogeneous data from
a variety of sensors, particularly including virtual sensors
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Figure 1: System architecture.

(simulated). It can intrinsically aggregate and filter data
through SQL-format queries. GSN as a sensor data server also
provides several ways of publishing data. Through the APIs
of GSN, spouts (one type of component of Storm) can absorb
data into the distributed computing system.

As GSN itself has already provided convenient APIs for
data access, applications can retrieve sensor data directly
from GSN and apply some procession according to its
application logic. But we add a data procession layer above
the middleware layer. One of the most important reasons is
that sometimes complex computation may be applied on the
aggregated sensor data. As can be seen, sensors in GSN are
virtual sensors in GSN’s abstractions; they can be related to
real physical sensors or something unreal indicating a virtual
sensor, such as an email notifier reporting email content
whenever a new email is received or even just a generator
generating random integers periodically. A sensor featured its
ability of producing data; in this sense, anything particularly
software artifacts producing data like stream APIs of Twitter
can be virtual sensors. And data format could be diverse, such
as binary, double, strings, and big images.

Therefore, data is multisource and heterogeneous.
Computation applied on this multisource heterogeneous

data could be quite complex, requiring powerful computing
capability.Moreover, inmodern IoT applications, the data are
usually real time data stream and computation employed on
the stream is also required to be real time to lower processing
latency and provide better user experience. These factors
make a real time distributed data processing layer a necessity.

4. Implementation of the System

4.1. Brief Introduction to GSN. In the past, people may
build their applications directly on top of sensor networks,
meaning the embedded operating systems. However, with the
emergence of numerous heterogeneous sensor networks and

other sensor forms, it became a tedious task to interact with
the sensor systems.

Another challenge arises as the IoT industry grows
rapidly around the globe that the sensor infrastructures
belonging to different organizations cannot be adequately
employed in the process of data integration of a wide area or
even throughout the globe [35].

And here the Global Sensor Networks (GSNs) middle-
ware and other similar middleware emerge in response to
that hard condition in proper time, which lead to the new
programing paradigm as the middleware interact with the
sensor networks and are responsible for gathering data, with
which the applications interact.

GSN is one of those middleware. Virtual sensor is a
key abstraction in GSN [35]. GSN can be plugged in with
arbitrary sensors as you will. The sensor presentation in
GSN is XML file abstracted as virtual sensor, which defines
data streams as sources and queries on the streams. Another
closely related abstraction is wrapper. A wrapper is a Java
class, which is truly interacting with data source, like physical
sensor networks, sockets, web services, and so on. Data
streams defined in virtual sensor must specify data sources
and wrappers.

As you can see, one virtual sensor can contain multiple
data streams and SQL-format queries, meaning that it is
convenient to implement data integration among various data
sources.

Writing wrappers by yourself could still be a tedious task;
thereby, GSN has shipped with massive common wrappers.
Most of the time, you do not have to write one. There are
varieties of wrappers, such as TinyOS [36] wrapper and JDBC
wrapper. A specific wrapper is remote wrapper, and it is able
to retrieve data from a remote virtual sensor in another GSN
server on the Internet. In this way, GSNs around the globe can
be interconnected, and the sensors data gathered by them can
be taken full advantage from.

As IoT middleware, GSN designed easy-access APIs for
feeding data into applications. There are four types of APIs
[37]: connection oriented data distributor, connectionless
data distributor, web service, and restful APIs. All are easy
to retrieve real time data or historical data in a time window
in compliance with GSN’s time model.

4.2. Brief Introduction of Apache Storm. Apache Storm is a
free and open source distributed streaming data processing
system. It is intended for real time data processing in contrast
to batch data processing as Hadoop. Originated in 2011, now
Stormhas beenused inwide domains. Yahoo, Twitter, Spotify,
Flipboard, Alibaba, Baidu, and many other enterprises have
been taking advantage of it.

Storm defines how we should write distributed programs
since it provides a simple and efficient programing paradigm.
It defines basic programing components, “spout” and “bolt.”
“Spout” acts as water source; it generates data in some way
and pushes the data out as tuples periodically. “Bolt” is
component that takes in tuples from “spouts” or other “bolts”
and employ some computation and then might produce new
tuples and push them out. Programers need to implement
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Figure 2: Wireless sensor nodes.

Figure 3: A wireless sensor node.

their own “spouts” and “bolts” and specify how these compo-
nents are connected, indicating how data flows in the system.
Such a data flow graph consisting of “spouts” and “bolts” is
called “Topology,” another key abstraction in Storm.

In fact, “Topology” is a job to process on the Storm cluster.
In order to exploit the potential of distributed computing,
a group of computers that installed Apache Storm needs
to be connected through local network, forming a Storm
cluster. The distributed program in compliance with Storm’s
programing paradigm is usually packaged into a runnable jar
file, which will be submitted to Storm cluster afterwards.This
submitted program running on Stormcluster is a Storm job or
“Topology” in Storm’s terminology.Different frombatch jobs,
jobs running on Storm cluster will usually not stop, because
they aremeant to execute real time tasks. Several jobs can run
on Storm cluster simultaneously. Storm programs are robust,
for its feature of parallelization, partition, and retrying on
failure when necessary.

The basic components spout and bolt are inherently par-
alleled; you can specify parallel number in Topology settings.
Even after the Topology has been submitted and running, you
can still adjust parallelism of every component according to
hardware conditions. Playing a role of “Hadoop of real time,”
Storm greatly eases the progress of implementing parallel real
time computation.

4.3. Detailed Implementation of the System. In order to
establish the environmental monitor system, in sensor layer,
we deployed IRIS sensor nodes in our laboratory in a number
of different positions. The nodes are displayed in Figures
2 and 3. All these sensor nodes comprise voltage sensor,
humid sensor, heat sensor, press sensor, optical sensor, and
accelerator sensor of three axes. Even though the hardware

Figure 4: Programing board.

of the nodes is the same, they are divided into two groups
according to two different embedded applications installed
on them. One is sht11, and the other is mxp430. The symbols
sht11 andmxp430 are two types of sensors chips, respectively,
and in this article we use them to denote the corresponding
sensor nodes and the embedded applications running on
them. The mxp430 nodes collect all types of sensor data
mentioned above, while the sht11 nodes only sense light,
temperature, and voltage of the battery equipped with them.
Both of the two types of nodes also provide information of the
networkTopology comprising sensor node id, parent node id,
and group id as well as metadata of the message as timestamp
andmessage sequence id.These sensor nodes form a wireless
sensor network, whose sink node is a sensor node plugged on
a programming board (Figure 4) connected to a Linux server
using USB adapter cable. These sensor nodes use TinyOS
[36] as their embedded operating system and run TinyOS
application for collecting environmental data.

The Linux server is installed with Ubuntu 14.04.1 LTS,
along with Global Sensor Network middleware.The raw data
collected from wireless sensor network will be interpreted,
stored, and integrated for further usage.

Wrapper inside GSN is actually where data is acquired
from an outside source. Wrappers are like borders, through
which data enter into the realm of GSN.Therefore, obtaining
a proper wrapper is put in the first place. Usually, GSN has
already shipped with a great amount of wrappers, but in our
situation the raw data format is customized by the hardware
product provider; therefore we write our own wrappers. The
raw sensor data is firstly collected and interpreted by a sensor
network server and then gets pushed out in a well-defined
XML style through sockets. So the wrappers we customized
are actually for TCP connection and XML parsing. In the
initialization phase, thewrappers retrieve the parameters they
need, such as host address and port, and then decide the
output structure to persist, which is corresponding to the
table structure to be stored in the database.Then, in the work
thread of the wrappers, firstly they connect to the sensor
network server and, secondly, in a loop they read XML-
formatted data and parse it and store parsed data into a
database. Both of the wrappers of sht11 and mxp430 sensor
data work in this manner.

After the wrappers have been prepared, the XML files of
virtual sensors are required. Box 1 shows the virtual sensor
for sht11 message.
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<virtual-sensor name="smesh sht11" priority="10">

<processing-class>

<class-name>gsn.vsensor.BridgeVirtualSensor</class-name>

<init-params />

<output-structure>

<field name="nodeid" type="double"/>

<field name="parent" type="double"/>

<field name="seqid" type="double"/>

<field name="groupid" type="double"/>

<field name="board id" type="double"/>

<field name="light" type="double"/>

<field name="temp" type="double"/>

<field name="voltage" type="double"/>

</output-structure>

</processing-class>

<description>This sensor gets xml data from smesh server

</description>

<life-cycle pool-size="10" />

<addressing>

<predicate key="geographical">Sensor 114 @ EPFL</predicate>

<predicate key="LATITUDE">46.520000</predicate>

<predicate key="LONGITUDE">6.565000</predicate>

</addressing>

<storage history-size="5m" />

<streams>

<stream name="input1">

<source alias="source1" sampling-rate="1" storage-size="1">

<address wrapper="sht11">

<predicate key="rate">500</predicate>

<predicate key="host">192.168.1.135</predicate>

<predicate key="port">9005</predicate>

</address>

<query>SELECT nodeid,parent,seqid,groupid,board id,light,temp,voltage

FROM wrapper</query>

</source>

<query>SELECT nodeid,parent,seqid,groupid,board id,light,temp,voltage

FROM source1</query>

</stream>

</streams>

</virtual-sensor>

Box 1: XML file representing a virtual sensor.

Up to now, data is under the management of GSN. Next
step is to connectGSN to Storm.AsGSNprovides http stream
data API, we implement the Storm spout in the way the
wrapper captures data.

4.4. Evaluation. Deployed as mentioned above, the system
can successfully capture data from IRIS sensor nodes. Table 1
shows the original sensory data, coming frommxp430 sensor
nodes, and original sensory data of sht11 sensor nodes is
similar. Figure 5 exhibits the data acquired by GSN server,
which is accomplished by customized wrappers and well-
defined virtual sensors. Now the sensor data flows into
middleware layer. Finally, through the data access component
“spout” in Storm Topology, data is retrieved from GSN

into Storm cluster. The spout can successfully parse received
data as shown as in Figure 6. As testified by practice,
our proposed system architecture is feasible for IoT data
acquisition, integration, and real time distributed procession.

5. Conclusion and Future Work

In this paper, we propose and discuss system architecture
for IoT stream data processing. We basically divide the
system architecture into three different layers, sensor layer,
middleware layer, and data processing layer from bottom
to top. And we implement the system and conduct the
experiment using some popular open source projects. In
the sensor layer, TinyOS is the embedded operating system
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Table 1: Captured sensor data of mxp430 nodes.

nodeid Parent Group board id Voltage Humid humtemp prtemp Press Light accel 𝑥 accel 𝑦 accel 𝑧
22 0 125 133 3261.33 22.38 24.88 23.39 941.91 159.69182 3840 4063 3060
21 3 125 133 2509.72 −4.65 −39.6 23.34 933.34 141.45 48 4032 3077
22 0 125 133 3261.33 22.59 24.74 23.25 941.93 166.463 8 4072 3061
21 3 125 133 2509.72 −4.65 −39.6 23.35 933.36 141.45 25 4026 3325
22 0 125 133 3261.33 22.67 24.7 23.24 941.91 166.463 247 4066 3043
21 3 125 133 2509.72 −4.65 −39.6 23.31 933.38 141.45 35 4026 3310
22 0 125 133 3261.33 22.67 24.75 23.31 941.94 159.69182 13 4072 2816
21 3 125 133 2504.7 −4.65 −39.6 23.26 935.93 141.45 33 4037 3070
22 0 125 133 3261.33 22.67 24.75 23.32 941.86 159.69182 26 4055 3054
21 3 125 133 2509.72 −4.65 −39.6 23.29 936.64 141.45 33 4026 3054
22 0 125 133 3261.33 22.67 24.78 23.34 941.91 166.463 1 4073 3056
21 3 125 133 2509.72 −4.65 −39.6 23.25 933.17 141.45 32 4037 3064
22 0 125 133 3261.33 22.63 24.74 23.32 941.86 159.69182 12 4056 3047
21 3 125 133 2509.72 −4.65 −39.6 23.2 933.35 141.45 34 4025 3046
22 0 125 133 3261.33 22.6 24.81 23.35 941.84 159.69182 3843 4065 3056
21 3 125 133 2509.72 −4.65 −39.6 23.27 935.13 141.45 39 4030 3057
22 0 125 133 3261.33 22.53 24.82 23.38 941.88 159.69182 3848 4054 3061
21 3 125 133 2504.7 −4.65 −39.6 23.29 933.26 141.45 33 4027 3065
22 0 125 133 3261.33 22.53 24.86 23.41 941.84 159.69182 4095 4063 3050

Figure 5: Web page exhibiting captured sensor data in GSN.

on the wireless sensor node; in the middleware layer, the
Global Sensor Network functions as sensor data server; in
the data processing layer, the Apache Storm is responsible
for distributed real time sensor data processing. In the

construction of the system, data input and output of GSN
are key procedures, and the wrappers in GSN and spout
in Apache Storm need to be developed manually. Both the
wrappers and the spout are responsible for retrieving data out
of another system by socket connection.

The benefit of the architecture is apparent. It is capable
of retrieving and integrating multisource heterogeneous data
and finally processing it in a distributed and real time
manner. Our future work aims at constructing a context
aware recommender system. As can be seen from this paper,
we can capture information from wireless sensor networks,
mobile phones, and other equipment and then combine
physical data like weather and position with social networks
which might indicate an individual’s activity and mood and
other things. Through the individual oriented information,
we are focusing on establishing a real time context aware
recommender system.
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Citizen science is increasingly being used in diverse research domains. With the emergence and rapid development of sensor
technologies, citizens potentially have more powerful tools to collect data and generate information to understand their living
environment. Although sensor technologies are developing fast, citizen sensing has not been widely implemented yet and published
studies are only a few. In this paper, we analyse the practical experiences from an implementation of citizen sensing for urban
environmentmonitoring. A bottom-upmodel in which citizens develop and use sensors for environmental monitoring is described
and assessed. The paper focuses on a case study of Amsterdam Smart Citizens Lab using NO

2
sensors for air quality monitoring.

We found that the bottom-up citizen sensing is still challenging but can be successful with open cooperation and effective use of
online and offline facilities. Based on the assessment, suggestions are proposed for further implementations and research.

1. Introduction

Highly dynamic environmental phenomena call for detailed
and timely environmental information to support decision
making. For instance, in the case of air pollution, it is essential
to understand where this pollution comes from and how
to reduce it [1]. For environmental disasters, such as floods
[2], severe weather [3], and volcanic eruptions [4], sufficient
and timely environmental information is essential for risk
forecasting and early warning. To derive this information,
environmental data needs to be collected.

Traditionally, environmental monitoring is conducted by
official authorities which usually spend large amounts of
money for high quality but expensive monitoring equipment
followed by continuous labour and money investments on
maintenance and calibration [5] which leads to often low spa-
tial and temporal resolution [6].Therefore, these data sources
are often too sparse to meet the information demands from
the public and organizations. For example, there are twelve
air qualitymonitoring stations in Amsterdam operated by the
Public Health Service of Amsterdam (GGDAmsterdam) and

the National Institute for Public Health and the Environment
(RIVM) at selected locations and most of these stations mea-
sure a limited number of air quality parameters; compared
to Amsterdam, other cities in the Netherlands even have
less official air quality stations (http://www.luchtmeetnet.nl/).
In addition, in some developing countries, official environ-
mental monitoring systems are completely absent [5]. For
instance, during the 26/12/2004 tsunamis around the Indian
Ocean, affected countries could have had enough time to
avoid the disaster, if they had employed a functional alarm
system earlier [7, 8].

There is a general need for flexible and affordable alter-
natives to complement the official or formal environmental
monitoring stations. Recent developments of sensor tech-
nologies allow citizens to buy affordable sensors and elec-
tronic components like Arduino (https://www.arduino.cc/)
and Raspberry Pi (https://www.raspberrypi.org/) to create
sensor systems by themselves or with help from communities
which provide alternative approaches to collecting environ-
mental data [9, 10]. So-called informal sensors operated by

Hindawi Publishing Corporation
Journal of Sensors
Volume 2016, Article ID 5656245, 9 pages
http://dx.doi.org/10.1155/2016/5656245

http://dx.doi.org/10.1155/2016/5656245


2 Journal of Sensors

Issue mapping:
Topical BarCamp

Sensors making:
Open Hardware Bootcamp

Project boundary

Integration with official dataDecision making

Acting:
community meetup

Understanding:
visualization and interpretation

Sensing:
citizen data collection

Figure 1: The project steps of Amsterdam Smart Citizens Lab for bottom-up citizen sensing.

citizens are not only raising public awareness of environ-
mental problems from social aspects but also are potentially
capable to complement the quantity and spatial-temporal
resolution of the formal environmental data sources [11]. For
example, after the Fukushima Daiichi accident on 11/3/2011,
local citizens started using sensors, developed by a project
called Safecast, to personally detect the radiation levels and
shared the data to a website which gathered all these data
coming from citizens. Now this has become an international
community for radiation monitoring all over the world [12].
Citizens contribute to the data source and benefit not only
themselves but also the larger public and policy makers
with an independent source of environmental data. Similarly,
weather stations operated by amateurs in the UK are rapidly
growing and have become crucial data sources supplying
timely and high density monitoring data for local weather
information [13].

Citizen science has existed for a long time. It has been
used for birds observations [14], invasive species monitor-
ing [15], and other domains. Most of them use top-down
approaches inwhich scientists design the research project and
subsequently citizens are asked to join,mainly collecting data.
Due to development of sensor technology, citizens can now
use affordable sensors tomonitor their living environment by
themselves.They can even create their own sensor systems for
their interest. However, it is still not clear how this bottom-
up approach is organized; how to tackle the calibration
and implementation problems; what the data quality of
informal sensor networks is compared to formal sources;
how the knowledge dissemination on sensor development
is; and how to make sense of these data. According to pre-
vious studies, citizen science can be classified as follows:
community consulting model where citizens only define the
problems, community workers model where citizens are
mainly involved in collecting data, and community-based
participatory research model where citizens are involved in
all research activities [16].

In this paper, by taking a case study focusing on air
quality monitoring in the city of Amsterdam, a bottom-up

citizen science approach for informal sensor environment
monitoring is developed and evaluated.

2. A Bottom-Up Approach for
Informal Sensing

The project named Amsterdam Smart Citizens Lab (http://
waag.org/en/project/smart-citizens-lab) uses a bottom-up
approach to organizing citizen sensing for urban envi-
ronmental monitoring. This approach can be classified as
cocreated class and is recognized as a community-based,
participatory research model where citizens are involved in
all steps of the project [16–18]. Within this approach, citizens
are involved in each step (as shown in Figure 1) of sensing
strategy together with project partners.

The project was initiated by Waag Society, Institute for
Art, Science and Technology, a pioneer in the field of digital
media at Amsterdam.The approach is completely bottom-up.
Waag Society is responsible for community coordination and
provides a place for meetings and for sensor making in their
Fablab Amsterdam, a place for makers. As organizer, Waag
Society invited other partners who have expertise in different
aspects to help citizens, such as Netherlands Organisation
for Applied Scientific Research (TNO), Amsterdam Smart
City (ASC), RIVM, and SenseMakers. Firstly, Waag Society
organized ameetup called Topical BarCamp inwhich citizens
raise their urban environment concern (issue mapping in
Figure 1). According to the issue mapping from citizens and
their interests, the community was divided into small groups
to develop and test sensor systems for specific urban environ-
ment problems. During this period, the Fablab Amsterdam
was open every Tuesday for teams to use their facilities for
making prototypes. This step is called sensors making and
done by an Open Hardware Bootcamp. After the prototypes
were developed and tested, citizens used the sensors they
developed themselves to monitor the city environment and
collect data (sensing). These data were then interpreted and
visualized with the help of experts. For each step, Waag
Society invited experts to inspire and share their experience.
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Figure 2: Citizens discuss environmental problems and sensing strategies during the issue mapping phase.

In the next section, the adoptedmethods and results for every
step of the proposed bottom-up approach are presented in
more detail.

After issuemapping, four sensing topics (air quality, noise
pollution, wind, and road bumpiness) were raised by citizens.
For this paper, the air quality topic was selected as a case
study to describe and evaluate the bottom-up citizen sensing
approach. This case was inspired by previous experience
within the Smart Citizen Kit (https://smartcitizen.me/) pilot
in 2014. During this pilot, Amsterdam citizens measured
temperature, humidity, light intensity, sound levels, carbon
monoxide, and nitrogen dioxide in the city using Smart
Citizen Kit 1.1 version. One outcome of the Smart Citizen Kit
pilot was that the semiconductor air quality sensors (CO and
NO
2
) used in Smart Citizen Kit 1.1 version were not suitable

for urban air quality monitoring [19]. A community was
established including citizens and experts during this pilot.
Some of them decide to join the Amsterdam Smart Citizens
Lab to explore new sensors which can be used for urban
air quality monitoring. Compared to other groups, this air
quality group is relatively diverse including citizens, hardware
developers, air quality experts, and university researcher.

3. Results

In this section, we present the results from each step of the
bottom-up approach as indicated in Figure 1.

3.1. Issue Mapping: Topical BarCamp. At the issue map-
ping meeting (Figure 2), people discussed what kind of
environmental problems they were concerned about and
would like to solve. The meeting was organized as a Topical
BarCamp which means that the content is provided by the
participants. Air quality, noise pollution, wind, and road
bumpiness were raised asmain issues of concern.TheMeetup
environment (http://www.meetup.com/Amsterdam-Smart-
Citizens-Lab) is used as a community platform that has func-
tions like member registration, events organization, sharing
of information, communication, and so on. Citizens were
informed to join this platform during this meeting.

3.2. Sensors Making: Open Hardware Bootcamp. One aim of
the air quality group is to find an air quality sensor with
the proper requirements for urban air monitoring. The main

three requirements are that the sensor should (1) be able
to measure a pollutant relevant for urban environments,
(2) be sensitive enough to measure typical ambient concen-
trations, and (3) be affordable. Over recent years, most of
the concentration levels in the Netherlands have decreased
substantially. Presently, the nitrogen dioxide levels are the
most likely ones to lead to exceedances of legal threshold
values. As a result, there is much emphasis on nitrogen
dioxide, both from official authorities as well as from con-
cerned citizens. Several measuring campaigns using passive
NO
2
samples were undertaken during the last five years,

by both municipalities and concerned citizens. Combined
with the available state of the art in sensors for gasses at
ambient concentration levels this has led us to focus on
nitrogen dioxide concentrations. Based on these require-
ments and the experience of the Smart Citizen Kit pilot
(http://waag.org/en/project/smart-citizen-kit), different sen-
sor options were proposed by group members. With scien-
tific proof [5, 20], after group discussion and comparison,
the electrochemical Alphasense NO

2
sensor (NO

2
-B42F)

(http://www.alphasense.com/) was chosen for this exper-
iment, according to the specification, the measurement range
is 20 ppm NO

2
limit of performance warranty. The Arduino

Uno or Arduino compatible microcontrollers were chosen
to connect the sensor and other components such as the
power supply, a real time clock (RTC), and a storage module
(Figure 3).TheRTC is used for timestamp; the temporal reso-
lution can be programmed accordingly. For themeasurement
campaign, we measured every minute. To read the analogue
signal from sensors, a high resolution analogue to digital
converter (ADC) above 16 bits is required.TheArduino board
only has a 10-bit ADC on board, which is not enough to
accurately determine the output of the sensor that varied
only a few millivolts (mV). Therefore, an external ADC was
used. To reduce the noise of the data, a stable power supply
is also recommended, which was not implemented. During
the Open Hardware Bootcamp, the sensors were made by
the citizens with assistance of experts of Fablab Amsterdam,
RIVM, andWageningen University. In total, five NO

2
sensor

boxes were prepared in this phase of the project.
To test the performance of theAlphasenseNO

2
sensor, we

first located four Alphasense NO
2
sensors together indoors

at Waag Society as these sensors had no enclosures designed
yet. Besides these Alphasense sensors, there is also a Smart
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Figure 3: Main hardware, sensor, and different prototypes: (a) function test, (b) sensors with waterproof enclosure for outdoor test, and (c)
sensor box for monitoring campaign.
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Figure 4: The calculated NO
2
concentrations measured by four

sensors at the same test location (inside the building of Waag Soci-
ety) and the measurement of a Smart Citizen Kit (outside Waag
Society) every minute on 20/9/2015, for around 24 hours.

Citizen Kit measuring outdoor of Waag Society. As can be
seen in Figure 4, all Alphasense NO

2
sensors show good

sensitivity compared to the Smart Citizen Kit, which did not
show any variation of the 24 hours measurement period.
However, although Alphasense NO

2
sensors indicated quite

similar trends, the four sensors did not show the same
concentration. Clearly, a calibration procedure is needed.

Next, four sensors were mounted in a common box
and placed outside a window of the Waag Society building.
Measurements were taken during five days and afterwards the
raw outputs voltages of the sensors were converted to esti-
mated NO

2
concentrations. For the calibration, readings

from a nearby located official measuring station (Oude
Schans, roughly 300 meters from the Waag Society) and
one other station southwest of the centre of Amsterdam
(Vondelpark, roughly 2700 meters from the Waag Society)
were used. This latter station provides an indication of the
city background concentration for NO

2
during the prevalent

western winds.
According to “Alphasense 4-Electrode Individual Sensor

Board (ISB); User Manual 085-2217,” the sensors output two
voltages: the “Working Electrode” (WE) and the “Auxiliary
Electrode” (AE). Both have to be corrected for a zero-offset
of typically 225–245mV. The value of the corrected AE is
subtracted from the value of the corrected WE and the
remaining voltage is divided by sensitivity in mV/ppm of
typically 0.175–0.185. In order to get a similar set of hourly
concentrations for all sensors, offsets for WE of 234mV
were combined with AE offsets between 220 and 245mV,
combined with sensitivities between 0.5 and 0.8mV/ppm.
Finally, a conversion fromppb tomicrograms per cubicmeter
of air (𝜇g/m3) was performed, as all Dutch concentrations are
reported in 𝜇g/m3.

In the beginning of the comparison, the Alphasense
sensors took several hours to become stable. With the adjust-
ments, the concentrations show a roughly similar pattern in
time as the official measuring stations (Figure 5). The con-
centrations show a daily pattern. The reason for the high
concentrations at station “Oude Schans” between the hours
30 and 45 is not clear. The concentration values are averaged
and presented in hourly values as shown in Figure 5.

In order to obtain a similar behaviour for all sensors, the
parameters used to convert output voltages into concentra-
tions varied substantially between sensors. The concentra-
tions show a roughly similar pattern in time as the official
measuring stations do.
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Figure 5: Measured NO
2
concentrations outside Waag Society

during five days. Oude Schans and Vondelpark are official stations
operated by GGD Amsterdam.

3.3. Sensing: Citizen Data Collection. After system testing
and improving, an air quality campaign test was conducted
by the air quality monitoring group on 2/12/2015. After
discussion on a paper map for measurement campaign
location planning, the digital map was developed for online
access (Figure 6). The developed sensor prototypes do not
have Global Positioning System (GPS) module; to get the
measurement location’s latitude and longitude coordinates,
a measurement location retrieval tool was developed which
can use GPS andWi-Fi signals on the smartphone to retrieve
location coordinates (Figure 7). A website was developed to
host these prototype tools and visualization map. Twenty-
Seven locations were selected including city background,
traffic streets, and parks. Figure 8 shows a monitoring exam-
ple that is close to an official monitor station (Amsterdam-
Stadhouderskade) for comparison. For each location, the air
quality sensor was operated for a minimum of 15 minutes,
which enabled the sensors to stabilize.

3.4. Understanding: Visualization and Interpretation. A typ-
ical concentration pattern is shown in Figure 9. First, a
measurement was done outside (traffic); next, the sensor was
transported to a new location and was put in a bag for some
time before taking out and moving to next location; and,
subsequently, a follow-up measurement was done at the new
location (park). As can be seen in Figure 9, the NO

2
sensor

shows considerable different results between in the bag and
out of the bag. No large differences between results in traffic
and park locations are observed. In order to evaluate the
performance ofAlphasenseNO

2
sensors, we installed sensors

close to the GGD Amsterdam official air quality monitoring
stations (see Figure 8 as an example). The official station
data can be downloaded from the web portal Luchtmeetnet
(http://www.luchtmeetnet.nl/) and are on hourly basis (Fig-
ure 10). Compared to the official measurements, the informal
Alphasense NO

2
sensor measured concentrations in minutes

and shows a similar trend (Figure 10).

To visualize NO
2
concentration data, an online map ser-

vice (Figure 11) was developed using open sourceMapbox and
GitHub Pages. The concentration is colour coded according
to the Dutch national standard.

3.5. Community Analysis. As shown in Figure 12, the number
of members of the Amsterdam Smart Citizens Lab has been
increasing continually which means that this community
received continuous attention from the public. However,
according to Figure 13, the number of active participants for
each community event did not increase substantially.

4. Discussion

In this part, we first take air quality monitoring as an example
to discuss the technical and operational challenges. Next, we
analyse and discuss the bottom-up approach for citizen sens-
ing.

4.1. Citizen Sensing Is Still Challenging. The Arduino board
is a relatively simple and powerful tool for experimentation.
However, to retrieve reliable data, professional knowledge
and support are still needed. An important issue for air
quality measurement is sensor data calibration and analysis.
With different tests, several problems were identified, but
we did not have sufficient time within this project to find
solutions or to test potential solutions.The NO

2
-B42F sensor

is cross-sensitive to ozone, temperature, and humidity, as
described in the specifications. Our tests suggest that other
environmental factors may also influence the results of
measurements. The indoor test as shown in Figure 4 shows
that even each sensor package was calibrated individually by
the sensor company; the four sensors indicated quite different
concentrations. This is an obstacle for citizens, because if
further calibration is needed, citizens normally do not have
the facilities to do so.

This project was based on the experience of the Smart
Citizen Kit pilot [19]. The general aim was to encourage
citizens to measure their environment by developing sensor
platforms together in a community. According to the out-
comes and observations of Amsterdam Smart Citizens Lab,
this complete bottom-up approach is challenging but can be
successful. Still an important precondition for success is that
expert communities are involved. They provide the required
support to build a fully functional sensor system which can
collect reliable data. Independent development would still
be challenging for citizens. There are quite a lot of sensors
and sensor-related electronic products, which are assumed
to be “plug and play” products. To create a functional envi-
ronmental sensing system is an interdisciplinary task which
requires knowledge from different domains like electronics,
environmental sciences, communication, information tech-
nology, design, and so on.

4.2. Bottom-Up Approach Calls for Broad Open Cooperation.
The continually reduced costs and increased functions of
sensors and microcomputers offer citizens possibilities to
measure the environment by themselves, which has already
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Figure 6: Plan for locations in Amsterdam to perform air quality monitoring.

Figure 7: Tool to retrieve latitude and longitude of measurement locations.

made an impact for environment awareness and decision
making.There are a lot of open hardware and software resour-
ces that can be used by citizens. Furthermore, the fab labs
and the maker movement also play important role in citizen
science. The fab labs provide facilities for citizens to get
together to communicate, use facilities, and get help to make
their sensor platforms. From this, we see organizations that
support citizens sensing as an important resource. Research
conducted by Balestrini et al. [21] concluded that the support-
ing organization is important in terms of connecting people,
supplying guidelines, and helping each other. From our
observation, this is confirmed in this case study. In particular,
we observe that the support or involvement from profes-
sionals in pushing the community by supplying information,
suggestions, and technical assistance is very valuable. Since

environmental sensing by citizens is an interdisciplinary field,
the experts from different domains foster the community and
keep the project running.

4.3. Stimulate Citizens for a Sustainable and Growing Com-
munity: Online Plus Offline. In the Amsterdam Smart Citi-
zens Lab, Fablab Amsterdam plays an important role for
offline meetups for citizens to learn skills, work with like-
minded people, and create and test prototypes. In addition,
the online meetup platform is not only used to organize off-
line meetups but also functioned as a broader virtual com-
munity platform for information sharing and attractingmore
people to join the community. Even though from Figure 12
the active participants did not increase substantially com-
pared to the continuous growing online community, it shows
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Figure 8: An informal measurement point is close to an official station (Amsterdam-Stadhouderskade) for data comparison.
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Figure 10: Roughly the same period of the informal sensormeasure-
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that citizens are interested in the project and potentially could
become active participants. From the Meetup platform, citi-
zens know what has been achieved by the Amsterdam Smart
Citizens Lab community; they can join the community and
keep it updated for further activities.This “online plus offline”
model is a good approach to organizing citizen sensing.There
are 602 fab labs in the world and the number is still growing
(https://www.fablabs.io/labs). In addition, there are diverse
open living labs (http://www.openlivinglabs.eu/) and hacker
spaces. For online tools, besides Meetup (http://www.meet-
up.com/), social media like Facebook, Twitter, YouTube, and
blogs can also be used for community building. Trello and
Slack can be used for teamwork. If these tools and open offline
physical places can be used together effectively and efficiently,
this may help to stimulate citizens to create a sustainable and
growing global and local community.

5. Conclusions

In the present paper, we present a bottom-up approach
for citizen science to collect informal urban environmental
sensor data. We found that highly sensitive electrochemical
sensors potentially have better performance than semicon-
ductor sensors for urban air quality monitoring but need
appropriate hardware and software design, careful calibra-
tion, and postprocessing to deliver correct and usable data.
This leads to challenges for citizens to build sensor systems
from scratch. Therefore, wide cooperation from different
aspects such as community building, maker spaces, fab labs,
and different types of professional support for domain knowl-
edge is essential for citizen sensing. This wide cooperation,
together with effective use of online and offline facilities, can
keep the citizen sensing community sustainable and growing.

6. Future Work

For future work, the focus will be on how citizens and experts
can work together to optimize the citizen environmental
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Figure 11: The data visualization map prototype for NO
2
measurement campaign on 2/12/2015.
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sensing model for reliable data provision to benefit citizens,
official organizations, and more importantly the whole soci-
ety. For example, the data quality is a big concern for both
official organizations and citizens. Official organizations can,
for instance, guide and help citizens to calibrate sensors
in order to improve data quality. How local governments
react on citizen sensing can be another interesting research
topic. In terms of the environmental monitoring, other air
pollutants like particulate matter, CO, and O

3
need also to

be considered.
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The deployment problem of wireless sensor networks for real time oilfield monitoring is studied. As a characteristic of oilfield
monitoring system, all sensor nodes have to be installed on designated spots. For the energy efficiency, some relay nodes and sink
nodes are deployed as a delivery subsystem. The major concern of the construction of the monitoring system is the optimum
placement of data delivery subsystem to ensure the full connectivity of the sensor nodes while keeping the construction cost as
low as possible, with least construction and maintenance complexity. Due to the complicated landform of oilfields, in general, it is
rather difficult to satisfy these requirements simultaneously.The deployment problem is formulated as a constrainedmultiobjective
optimization problem and solved through a novel scheme based on multiobjective discrete binary particle swarm optimization
to produce optimal solutions from the minimum financial cost to the minimum complexity of construction and maintenance.
Simulation results validated that comparing to the three existing state-of-the-art algorithms, that is, NSGA-II, JGGA, and SPEA2,
the proposed scheme is superior in locating the Pareto-optimal front and maintaining the diversity of the solutions, thus providing
superior candidate solutions for the design of real time monitoring systems in oilfields.

1. Introduction

In recent years, with the advent of industrial wireless sensor
networks (IWSNs), the fusion of wireless communication
and distributed sensing technologies and real time remote
monitoring with IWSNs have been widely adopted in oil,
gas, and other resources industries. As reported in [1], IWSN
is the only feasible sensing solution for the oil and gas
industry benefited from lowering costs and expanding the
possibilities for new and future improvements. In fact, oil
and gas companies are migrating to standards based wireless
mesh sensor networking according to the survey in [2]. In
China, at present, the domestic digital oilfield has been in
rapid development. Daqing Oilfield Company is playing the
leading role while Xinjiang Oilfield and Tarim Oilfield are
establishing their digital oilfields.The effective use of wireless

technology is essential to the success of digital oilfield man-
agement [3]. Wireless real time monitoring system provides
a simpler access to real time data and insight into operations
in oilfield at acceptable cost. Besides, the maintenance costs,
downtime, and energy consumption will be reduced and
equipment performance will be improved.

To the best of our knowledge, all existing applied studies
on IWSNs for oil well remote monitoring are on the system
design such as the main structure, hardware component, and
software design [4, 5], aiming at extending the application
of IWSNs in oil and gas industry. However, the inclusion
of further optimization of IWSNs in oilfield monitoring
system is essential towards the efficiency of design and system
operation. There is still no research focusing on such topic
yet. In this paper, a systematic framework providing problem
formulations and a novel optimization strategy is proposed
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Figure 1: The typical structure of IWSN for oil well monitoring.

and it can be the reference for further attempts to optimize
the IWSNs in oilfield management.

Typical structure of IWSN for oil well remote monitor-
ing is shown in Figure 1 regardless of the fact that it is
for production wells or water injection wells. Sensors are
installed on the operation components of the wells. Pressure,
voltage, and stream temperature of eachwell are acquired and
transmitted to the control center via the wireless networks.
Sensors are usually powered by batteries and do not support
long distance transmission since energy consumption is a
superlinear function of the transmission distance. Sensor
nodes are in general configured as an end-device with less
communication capability only allowed communicating with
relay node or sink node. To guarantee the reliability of data
communication and the ease of system setup, a relay node
called well relay is deployed next to the operation unit in
every well to collect sensor data and forward to the sink
node. In this model, sensors at each well are capsulated as a
point represented by the position of the corresponding well
relay. The deployment of well relays is determined by the
condition and landform of each well and should be decided
in advance of the placement of sink and relay nodes. In
wireless networks with fixed infrastructure, it is sufficient for

each node having a wireless link connected to at least one
sink node acting as the gateway to collect all the data in
its dominating area and deliver the data towards the remote
server. The remote communication protocol for sink node
can be either McWiLL, WiMAX, or 3G/4G. The connecting
path of a well relay and its serving sink node may consist of
multiple relays in between if the well relay is far away from
the sink.

The traditional deployment issue in WSNs normally
refers to the placement of sensors so as to minimize the
number of deployed sensor nodes while ensuring the full
coverage and connectivity of the monitoring area [6, 7].
However, contrary to generic WSNs, the node placement
in IWSN for oil well monitoring is deterministic to meet
the desired monitoring tasks. The deployment strategies of
generic WSNs cannot be directly adopted for IWSNs for oil
well monitoring due to the difference in requirements and
work conditions such as critical requirement for reliability,
the uniqueness of each sensor measurement [8, 9], and
some application-specific features of IWSNs for oil well
monitoring.

With the prior information of each well relay’s position,
the deployment problem in oil well monitoring mainly
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concerns the optimum placement of data delivery subsystem
consisting of relays and sinks to ensure the full connectivity
of thewell relays while keeping the construction cost as low as
possible and with least construction and maintenance com-
plexity. In this paper, the deployment problemof IWSN for oil
well monitoring is formulated as a constrainedmultiobjective
optimization problem and solved with a novel multiobjective
discrete binary particle swarm optimization algorithm. The
major contributions of this paper are described as follows:

(1) A novel multiobjective model is provided to optimize
the deployment problem of IWSN for oil well moni-
toring.

(2) A discrete binary MOPSO framework with an effi-
cient constraint handling method through the elitist
seed repopulation and an infeasible solution archive
is proposed.

(3) Anovel hybrid local attractor based position updating
rule is introduced to improve the exploration and
exploitation capabilities of the multiobjective particle
swarm optimization (MOPSO) algorithm.

The rest of this paper is organized as follows. Section 2
discusses related work. Section 3 presents the mathematical
formulation of the deployment problem including definition
and objective functions. Section 4 describes the proposed
approach for solving the multiobjective optimization of
deployment problems as described. Section 5 illustrates the
experimental results, followed by the conclusion in Section 6.

2. Related Work

The deployment problem of data delivery subsystem of
industrial WSNs and nonindustrial WSNs has been studied
well over the past years. The commonly used approach
in early researches formulates the deployment problems as
optimization problems in graph theory and solves them
with polynomial time approximation algorithms in order
to minimize the number of relays in order to meet certain
connectivity or survivability requirements. Cheng et al. [10]
proposed a scheme of placing the fewer amount of relay
nodes in an area interconnecting all sensing nodes with the
model formulated as a SteinerMinimumTreewithMinimum
Number of Steiner Nodes problem. Pan et al. [11] presented
the approaches to maximize the topological network lifetime
for a two-tiered WSN by arranging the location of base
stations and relay nodes under several definitions according
to mission criticality. In [12], relay node placement was
studied in a large-scale two-tieredWSNwith the 2-connected
network topology to provide fault-tolerance. Lloyd and Xue
[13] studied the problems of minimizing the number of relay
nodes by formulating the model as a Minimum Spanning
Tree (MST) problem. Misra et al. [14] studied constrained
version of the relay node placement problem. Some recent
studies have focused on applyingmultiobjective optimization
algorithms to relay nodes placement problems. A multiob-
jective evolutionary algorithm was proposed by Perez et al.
[15] for the simultaneous optimization of the number of
relays and the energy dissipation when deploying a WSN.

Zhong and Zhang [16] presented a multiobjective memetic
algorithm to optimize the relay node placement problemwith
consideration of the network lifetime and the number of relay
nodes.

Other than the researches on deployment of data delivery
subsystem of WSNs, researches relevant to this study, such
as the placement of base station in wireless networks, are
described here. Chan et al. [17] proposed a multiobjective
jumping genes paradigm for the base station placement
optimization of factory WLAN network with the aim of
optimization to obtain a good quality of service and good
quality for communication traffics without suffering from
the cost of overall system. Ting et al. [18] proposed a mul-
tiobjective variable-length genetic algorithm to search for
the optimal number, types, and positions of heterogeneous
base stations by considering coverage, cost, capacity, and
overlap. An improved NSGA-II algorithm is proposed by
Lakshminarasimman et al. [19] to determine optimal location
of base station in cellular mobile communications network
with consideration of coverage maximization and cost min-
imization. Wechtaisong et al. [20] presented a WiMAX
network planning model to assign optimized amount and
location of base stations in study area with the aims of
minimizing installation cost and maximizing service cov-
erage simultaneously; a weighted sum method was used to
transform two objectives to single objective and the solution
for the model was generated by CPLEX 5.2 optimization
solver.

All in all, the problem of data delivery subsystem deploy-
ment in oilfield monitoring has three features which could
not be found in each of the approaches mentioned above:

(1) Energy efficiency is a key issue for the problem. The
specific structure of IWSNs for oil well monitoring as
illustrated in Figure 1 is established to guarantee the
maximum degree of energy efficiency. Based on this
structural model, there is no need to consider the net-
work lifetime or energy criterion in the optimization.

(2) In different areas of oilfield, the distributions of oil
wells are diverse; in particular, those in periphery
are normally constructed in harsh environments with
complicated landform. It imposes different challenges
to the placement of relays and sinks.

(3) Based on the structural model, the full coverage to the
sensors is transformed to the full connection of the
well relays.

As in the structural model, the relay nodes and sink
nodes constitute a data delivery subsystem of the IWSN; an
optimized deployment of such a data delivery subsystem is
economical for the construction of the network. Moreover,
it is essential to ease the construction and operation mainte-
nance of the wireless network for the generally complicated
landform of oilfields and the diverse distributions of oil wells.
Hence, it is necessary to minimize the cost of network while
keeping the complexity of construction and maintenance
of the IWSNs as simple as possible. However, these two
objectives may not be reached simultaneously as they are
contradictory.
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In this paper, a multiobjective discrete binary particle
swarm optimization algorithm is studied in solving the
deployment problem of IWSN for oilfield monitoring. The
proposed scheme provides the nondominated tradeoff solu-
tions so that the selective decision can be made among these
solutions according to the design preferences.

3. Problem Description

Connectivity is the major concern in the deployment of
WSNs [21]. Without loss of generality, in this paper, the com-
munication ranges of different kinds of nodes are regarded
as the same. Assume that any two nodes in the network,
𝑁
𝑎
and 𝑁

𝑏
, can directly communicate with each other if

their Euclidian distance is within the communication range
𝑟
𝑐
; that is, |𝑁

𝑎
𝑁
𝑏
| ≤ 𝑟

𝑐
. Due to complicated landform of

oilfield, it may impose serious problems on the construction,
maintenance, and communication reliability if there are too
many relay nodes between the sink and the well relay in the
link. In practice, the maximum hops in a single link should
be limited to a brim, 𝐻max. In other words, the maximum
allowable number of relays between the sink and thewell relay
is confined to 𝐻max − 1.

Suppose that the target areaA is digitized into𝐿×𝑊pixels
with pixel size equal to 1. Although the oil wells are generally
distributed around the target area dispersedly, several oil
wells may be constructed closely for the requirement of oper-
ation. In this case, well relays which are able to communicate
with at least another well relay can be grouped as one well
relay cluster. The well relay cluster set on the target area can
be defined as C = V

1
∪ V
2
⋅ ⋅ ⋅ ∪ V

𝑛
with each cluster defined

as V
𝑖
= {𝑐
1

𝑖
, 𝑐
2

𝑖
, . . . , 𝑐

𝑙

𝑖
}, where 𝑐

𝑎

𝑖
is a well relay in the cluster,

𝑙 is the number of well relays in the cluster, which varies in
different clusters, and 𝑛 is the number of the clusters, 𝑖 =

1, 2, . . . , 𝑛. Each member 𝑐
𝑎

𝑖
in the cluster V

𝑖
must satisfy the

communication range requirement:

𝑐
𝑎

𝑖
𝑐
𝑏

𝑖


≤ 𝑟
𝑐
, ∃ 𝑐

𝑏

𝑖
∈ V
𝑖
, 𝑎 ̸= 𝑏. (1)

According to (1), the members of a cluster are interconnected
with at least one neighbor; with at least one well relay
connected to the sink, this will guarantee the connectivity of
the whole cluster. The well relay of the cluster connected to
the sink is called the entry well relay.

Define the relay node set and sink node set on the target
area as R and S, where R is of {𝑟

1
, 𝑟
2
, . . . , 𝑟

𝑚
} and S is of

{𝑠
1
, 𝑠
2
, . . . , 𝑠

𝑘
}. The connectivity model of the IWSN system

can be expressed as follows.
A well relay cluster V

𝑖
is said to be connected to the data

delivery subsystem, denoted as
𝑐
𝑎

𝑖
𝑡
 ≤ 𝑟
𝑐
, ∃ 𝑐

𝑎

𝑖
∈ V
𝑖
, ∃ 𝑡 ∈ R ∪ S. (2)

Following the data path, where sensor data are delivered
to the sink node, the model can be simplified as follows.

A well relay cluster V
𝑖
is connected to the data delivery

subsystem when it satisfies the following:
𝑐
𝑎

𝑖
𝑡
 ≤ 𝑟
𝑐
× 𝐻max, ∃ 𝑐

𝑎

𝑖
∈ V
𝑖
, ∃ 𝑡 ∈ S. (3)

Hence, the deployment problem can be regarded as a sink
node placement problem.

The event that the entry well relay of cluster V
𝑖
located at

the pixel (𝑥
𝑖
, 𝑦
𝑖
) connecting to the sink node 𝑠

𝑗
located at the

pixel (𝑥
𝑗
, 𝑦
𝑗
) is denoted as 𝐸conn(V𝑖, 𝑠𝑗). It can be expressed

by a two-valued function:

𝐸conn (V
𝑖
, 𝑠
𝑗
)

=

{{

{{

{

1, if √(𝑥
𝑗
− 𝑥
𝑖
)
2

+ (𝑦
𝑗
− 𝑦
𝑖
)
2

≤ (𝑟
𝑐
× 𝐻max) .

0, otherwise.

(4)

If any entry well relay of cluster V
𝑖
is connected to any node

in the sink node set, its connectivity is considered completed.
As a result, the event that the well relay clusterV

𝑖
is connected

to the sink node set can be denoted as

𝐸conn (V
𝑖
, S) = 1 −

𝑘

∏

𝑗=1

(1 − 𝐸conn (V
𝑖
, 𝑠
𝑗
)) . (5)

Finally, the connectivity rate of the well relay cluster set
𝑅
𝑐
(C) is defined as the ratio of the number of connected well

relay clusters to the total number of the well relay clusters:

𝑅
𝑐
(C) =

𝑛

∑

𝑖=1

𝐸conn (V
𝑖
, S)

𝑛
. (6)

The challenge of the deployment problem is to deploy
the nodes of the data delivery subsystem in an optimal
manner meeting the connectivity requirement and achieving
a balance between the financial cost and the complexity of
construction and maintenance.

It can be illustrated by a simple example having six
clusters of well relays as shown in Figure 2.

Figure 2(a) illustrates one of the extreme solutions that the
data delivery subsystem is comprised of only one sink node
and multiple relay nodes. Unlike the normal relay simply
having the capability of data forwarding, the sink node has
higher operation capability and extra functions such as data
storage and remote communication. It is much costly than a
relay. Although this solution is less costly as only a single sink
node is required, numerous relay nodes have to be installed
on the specified locations. The complexity of construction
and maintenance will be high and even not plausible due to
the landform complexity. Besides, it is unreliable to have a
single sink for the entire network since any failure may lead
to a halt for the entire network and suspend the operation of
the oil field.

Figure 2(b) shows the other extreme inwhich each cluster
of the well relays is coupled with a nearby sink node. The
complexity of construction and maintenance is rather low.
However, it may lead to a very high cost due to the fact that a
large number of sink nodes are needed.

A compromised practical solution between the two
extreme cases is shown in Figure 2(c). The clusters of well
relays can be grouped into superclusters, and each of the
superclusters is connected to a single sink node.The financial
cost of this solution is higher than the solution in Figure 2(a)
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Figure 2: Scenario of solutions for the deployment problem.

but much lower than the solution in Figure 2(b). For the
construction and maintenance complexity, on the contrary,
it is higher than that of the solution in Figure 2(b) but
lower than the solution in Figure 2(a). Obviously, the two
criteria are contradictory such that a single optimum solution
minimizing both objectives is implausible.

Apparently, the cost of the data delivery subsystem is
determined by the total cost of sink nodes and relay nodes
of the communication link between the well cluster and the
sink. It is desirable to keep the number of sinks as fewer
as possible. On the other hand, more delivery nodes may
lead to higher complexity for construction and maintenance.
Because of the complicated landforms of oil fields and the
dispersed distribution of oil wells, it is generally implausible
to share the relay nodes amongst different data links. For such
reason and the simplification of analysis as well, here we do
not consider the sharing of relays betweendifferent links from
well relays to sink nodes.

Define the number of relay nodes in the links from well
relay to sink node as 𝑄 = {𝑞

1
, 𝑞
2
, . . . , 𝑞

𝑛
}, where 𝑛 is the

number of the links being the same as the number of clusters.
Each element in the vector is referred to as

𝑞
𝑖
=

{{

{{

{

⌈


𝑐
𝑒

𝑖
𝑠
𝑗



𝑟
𝑐

⌉ − 1, if 
𝑐
𝑒

𝑖
𝑠
𝑗


≤ (𝑟
𝑐
× 𝐻max) .

invalid, otherwise,
(7)

where ⌈𝑥⌉ is the ceiling function and 𝑠
𝑗
is the serving sink

node for the well relay cluster V
𝑖
with the entry well relay 𝑐

𝑒

𝑖
,

𝑖 = 1, 2, . . . , 𝑛.

As described above, the deployment problem can be
formulated as a Constraint Multiobjective Optimization
Problem (CMOP) for the following objectives.

Objective 1. The financial cost of the data delivery subsystem
is defined as

Min 𝑓
1
=

𝑛

∑

𝑖=1

𝑞
𝑖
× 𝐹
𝑟
+ 𝑀 × 𝐹

𝑠
, (8)

where 𝐹
𝑟
and 𝐹

𝑠
are the financial cost of relay node and sink

node, respectively, and 𝑀 is the number of the sink nodes in
the data delivery subsystem.

Objective 2. The complexity of the construction and mainte-
nance is defined as

Min 𝑓
2
=

𝑛

∑

𝑖=1

𝑞
𝑖
+ 𝑀 (9)

subject to condition for the full connectivity of all well relay
clusters defined as

𝑅
𝑐
(C) − 1 = 0. (10)

To solve the deployment problem, a multiobjective par-
ticle swarm optimization is proposed. The algorithm is
based on our recent work [22, 23] in solving multiobjective
optimization problems.

4. The Proposed Algorithm

Particle swarm optimization is a population-based search
algorithm inspired by observing the bird flocks and fish
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Procedure of ES-MOBPSO-T
Initiate the position of each particle;
Evaluate each particle;
Store the useful individuals found into external archives;
Repeat

Elitist seed repopulation with constraint handling (Section 4.2);
Select the leader from external archives (Section 4.3);
Update the position of each particle (Section 4.4);
Evaluate each particles;
Update pbests (Section 4.5);
Update external archives (Section 4.6);

Untilmaximum number of iterations is reached;
EndProcedure

Algorithm 1: Pseudocode for the ES-MOBPSO-T algorithm.

schools [24]. Kennedy and Eberhart [25] extended PSO to
solve discrete problems in 1997. In their binary PSO (BPSO)
algorithm, particles are bounded to include binary variables
and the velocity serves as the probability to change a bit’s
value. Afterward, various improved algorithms based on
BPSO were proposed such as discrete multiphase PSO [26]
and the angle modulated PSO [27].

In order to provide discrete PSO in a more general
framework, various approaches have been reported in the
literatures. Clerc [28] defined the position of a particle as a
permutation of numbers and the velocity as a set of swaps in
discrete PSO (DPSO). Salman et al. [29] defined the position
as a real vector and apply a space transformation technique to
convert the position into its corresponding solution. Pang et
al. [30] defined the position and velocity as a fuzzy matrix
with the updating rules for the particles based on XOR
operator. Chen et al. [31] proposed a set-based discrete PSO
in which the candidate solution and velocity are defined as a
crisp set and a set with possibilities, respectively.

Nevertheless, most of these researches mainly concern
with single objective optimization. In recent years, some
attempts have been made to solve multiobjective optimiza-
tion problems with DPSO. Palermo et al. [32] put forward a
DPSO algorithm for multiobjective design space exploration
based on an “aggregating” approach where the swarm is
equally partitioned into subswarms, each of which uses a
different cost-function determined by the product of the
objectives combined with a set of randomly chosen expo-
nents. Cordeiro et al. [33] adopted particles update equations
in [32] and proposed an algorithm for the energy and
performance optimization in IC design. Gong et al. [34]
proposed a multiobjective discrete PSO algorithm based on
decomposition.

For the deployment problem, based on the binary coding
scheme, we extend our recent works in [22, 23] with con-
straint handling through the elitist seed repopulation and
an infeasible solution archive. In addition, a hybrid local
attractor based position updating rule is employed to improve
the exploration and exploitation capabilities of the algo-
rithm. The pseudocode of the proposed elitist seed repop-
ulation multiobjective discrete binary PSO with transposon
(ES-MOBPSO-T) is given in Algorithm 1, and the details of

the bolded and italic mechanisms in this algorithm will be
elaborated later in this section.

4.1. Individual Representation. As the input, for each well
relay, its location is defined by a two-dimensional coordinate
and identified with a sequential number. The proposed
deployment scheme aims at identifying the locations of the
sink nodes for the system as the solution of the formulated
multiobjective problem. According to the analysis in Sec-
tion 3, the maximum number of sink nodes is equal to the
number of well relay clusters. In the proposed scheme, to
serve 𝑛 well relay clusters, each particle is represented by a
binary bit-string a = (𝑎

1
, 𝑎
2
, . . . , 𝑎

𝑛∗𝐿
) as shown in Figure 3.

It consists of 𝑛 tuples representing the total number of
sink nodes. The length of the string depends on the size of
the service area. Each tuple is the binary representation of
the location of a sink node followed by a status bit describing
the existence status of the sink node. If the status bit is “1,”
it indicates that the sink exists; otherwise, the sink does
not exist. The coordinates (𝑥

𝑖
, 𝑦
𝑖
) of each sink node can be

determined by

𝑥
𝑖
=

𝐿
𝑥

∑

𝑏=1

(2
𝑏−1

× 𝑎
(𝑖−1)∗𝐿+𝑏

)

𝑦
𝑖
=

𝐿
𝑦

∑

𝑏=1

(2
𝑏−1

× 𝑎
(𝑖−1)∗𝐿+𝐿

𝑥
+𝑏

) ,

(11)

where 𝐿
𝑥
and 𝐿

𝑦
are the numbers of bit of the coordinates

(𝑥, 𝑦) and 𝐿 is the bit length of a tuple.
As described in Section 3, a cluster is connected to the

network if any member in the cluster is connected to a sink.
To assign a serving sink node to a well relay cluster, the
closest sink node to the well relay cluster will be selected
as the serving sink provided the sink node exists according
to the existence status of the sink and satisfies the multihop
communication range constraint with any member of the
cluster. If none of the members in a cluster having the
distance to all the potential serving sink nodes satisfies the
communication range constraint, the cluster is not connected
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Figure 3: Particle representation in ES-MOBPSO-T.

to the delivery subsystem. In that case, the connectivity rate
of the solution will be less than 1.

4.2. Elitist Seed Repopulation with Constraint Handling. As
demonstrated in our previous work [22, 23], the combina-
tion of elitist seed repopulation and transposon operation
improves both the exploitation and the exploration capabil-
ities of MOPSO.

The key of elitist seed repopulation procedure is the reini-
tialization of the swarm. Periodically, after certain normal
search iteration, the whole swarm will be reinitialized with
particles generated from the elitists selected from the external
archives and processed by the diversification operations. The
elitists are treated as the seeds to produce new subswarms
for restarting a new cycle of swarm computation. Two
parameters, the frequency of elitist seeding operation and
the number of seeds, are used to specify the elitist seed
repopulation.

As described in Section 3, the deployment problem is a
constrained optimization problem. To handle the constraints,
the commonly used approach is to make use of penalty
functions. However, the penalty function approach has to
deal with the difficulty of choosing the appropriate tuning
parameters [35]. The proper fine-tuned penalty coefficients
are capable of balancing the objective and penalty functions
while inappropriate penalty coefficients will make the opti-
mization problem intractable. In this paper, the works in
[22, 23] are extended to deal with the constraints in obtain-
ing solution through the elitist seed repopulation method.
Instead of using a single external archive to maintain the
nondominated feasible solutions, an extra external archive
is used to keep the infeasible solutions with minor overall
constraint violation. The two external archives are used in
the elitist seed repopulation operation. The pseudocode of
elitist seed repopulation with constraint handling is given
in Algorithm 2. In the binary tournament selection, the
comparison strategy similar to themethod in [36] is adopted:

(1) If two solutions are feasible, the one in the less
crowded area will be regarded as the better one.

(2) If the two solutions are infeasible, the solution with
smaller overall constraint violation will be regarded
as the better one.
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A E F B C D G
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Pasted transposon
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After

(a)
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C2

Insertion point
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S V W X E F Y
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Pasted transposon
Shift

Shift

Before After
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Figure 4: Cut-and-paste transposon operator. (a) Cut-and-paste
in the same chromosome. (b) Cut-and-paste in different chromo-
somes.

(3) If one solution is feasible while the other is infeasible,
the feasible solutionwill be regarded as the better one.

In this paper, the diversification operations for elitist seed
repopulation approach are transposon operations. A trans-
poson is made of consecutive genes located in the randomly
assigned position in each chromosome while the transposon
operators are lateralmovement operations that happen in one
chromosome or between different ones. Generally speaking,
there were two types of transposon operators [22, 37]: cut-
and-paste and copy-and-paste as demonstrated in Figures
4 and 5, respectively. In PSO, a particle can be treated as
a chromosome. The details of the transposon operation are
shown in Algorithm 3.

To control the transposon operation, three parameters,
jumping rate, number of transposons, and length of transpo-
son, are used.
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Procedure of Elitist seed repopulation with constraint handling
If operation frequency criterion is met

Combine the two external archive into a selection pool;
While the elitist pool is not full
Copy a solution to elitist pool based on binary tournament selection;

EndWhile
While the new swarm is not full
Randomly select two individual with index 𝑖 and 𝑗 from elitist pool;
Repopulate new particles from elitist pool with transposon operation;

EndWhile
EndIf
EndProcedure

Algorithm 2: Pseudocode for elitist seed repopulation with constraint handling.

Procedure of Transposon operation
If 𝑖 = 𝑗

For 𝑘 = 1 to number of transposons
generate a random value 𝑟

1
within the range of [0, 1];

If 𝑟
1
< jumping rate

generate a random value 𝑟
2
within the range of [0, 1];

If 𝑟
2
> 0.5

perform cut and paste operation in the same individual;
Else
perform copy and paste operation in the same individual;

EndIf
EndIf

EndFor
Else
For 𝑘 = 1 to number of transposons
generate a random value 𝑟

1
within the range of [0, 1];

If 𝑟
1
< jumping rate

generate a random value 𝑟
2
within the range of [0, 1];

If 𝑟
2
> 0.5

perform cut and paste operation in different individuals;
Else
perform copy and paste operation in different individuals;

EndIf
EndIf

EndFor
EndIf

Output the individual(s) after transposon operation
EndProcedure

Algorithm 3: Pseudocode for the transposon operation.

4.3. Leader Selection. Similar to themethod proposed in [38],
the leader is randomly selected from a specified percentage of
the external archive. As mentioned previously, there are two
external archives which contain the feasible and infeasible
superior solutions, respectively. Leader is selected from the
feasible external archive sorted based on the degree of
crowding if it is not empty; otherwise, it will be selected from
the infeasible external archive sorted based on the overall
constraint violation.

4.4. Position Updating Rule for Particles. From Clerc and
Kennedy [39], the convergence of the PSO may be achieved

if each particle converges to its local attractor 𝑝
𝑖

= (𝑝
𝑖,1
,

𝑝
𝑖,2
, . . . , 𝑝

𝑖,𝐷
). Each dimension of the local attractor is defined

as

𝑝
𝑡

𝑖,𝑑
= 𝜑
𝑡

𝑑
× 𝑝best𝑡

𝑖,𝑑
+ (1 − 𝜑

𝑡

𝑑
) × 𝑔best𝑡

𝑑
, (12)

where 𝑝best𝑡
𝑖,𝑑

and 𝑔best𝑡
𝑑
are the 𝑑th dimension of the

personal best of particle 𝑖 and the global best of the swarm
in search iteration at 𝑡, respectively, and 𝜑

𝑑
(𝑡) is a random

number generated with the uniform probability distribution
in the range of [0, 1].
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Procedure of Hybrid position update
Calculate the local attractor of each particle;
Set the position of each particle with the position of its local attractor;
Perform the transposon operation on the swarm;
Perform the mutation operation on each particle;

EndProcedure

Algorithm 4: Pseudocode for the hybrid position update.
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Figure 5: Copy-and-paste transposon operator. (a) Copy-and-
paste in the same chromosome. (b) Copy-and-paste in different
chromosomes.

To improve the exploration and exploitation capabilities
of the algorithm, a hybrid position update approach is pro-
posed. In each search cycle, the new position of each particle
is generated by the transposon operation together withmuta-
tion on the position of its local attractor. The pseudocode
of the proposed approach is given in Algorithm 4, with
transposon operation being the same as given inAlgorithm 3.

Since the position of a particle is binary encoded, the
local attractor of each particle cannot be generated directly
from (12). A different calculation method must be used to
decide the local attractor of each particle. According to (12),
the coordinate 𝑝

𝑖,𝑑
of 𝑝
𝑖
lies between 𝑝best

𝑖,𝑑
and 𝑔best

𝑑
;

therefore, 𝑝
𝑖
distributes randomly in the hyperrectangle with

𝑝best
𝑖
and 𝑔best being its two diagonal ends. That is,

𝑝𝑖 − 𝑝best
𝑖

 ≤
𝑝best𝑖 − 𝑔best ,

𝑝𝑖 − 𝑔best
𝑖

 ≤
𝑝best𝑖 − 𝑔best .

(13)

The discrete form of local attractor 𝑝
𝑖
can be generated

through crossover operation [40]. 𝑝
𝑖
is randomly selected

from the two offspring generated by crossover on 𝑝best
𝑖

and 𝑔best. Definitely, the position of 𝑝
𝑖
resulting from

crossover satisfies (13) in terms of Hamming distance in
binary space.

For each particle, the local attractor is determined with
its personal best and the global best through the crossover
operation. After all the particles are updated with their local
attractors, they are further processed with transposon and
followed by mutation with one particle at a time. Apparently,
the convergence is enhanced by setting the position of each
particle with the position of its local attractor. Moreover,
the transposon and mutation operations bring perturbation
effects to the swarm and guide the particles to better positions
beneficial for the promotion of solution diversity and cover-
age. In addition, the elitist seed repopulation mechanism will
relocate the superior particles to some specified area which is
beneficial to overcome the premature convergence.

4.5. pbest Update. Theupdate procedure of𝑝best of each par-
ticle is shown in Algorithm 5.

4.6. External Archives Update. New solutions will go through
an acceptance test before entering the external archives set
with a fixed maximal size. If the feasible external archive
is fully filled with nondominated solutions, the crowding
distances [36] of the solutions will be calculated and those
solutions with larger crowding distance value will be kept
while the others will be discarded. If the infeasible external
archive is full, solutions with larger constraint violations will
be discarded from the archive.

5. Simulation Results

Simulation result for the verification of the proposed scheme
is described in this section.The performance of the proposed
multiobjective discrete binary particle swarm optimization
is compared with three well-known multiobjective genetic
algorithms, that is, NSGA-II [36], a well-perceived multi-
objective optimization algorithm, JGGA which has demon-
strated its superiority in solving aWLAN placement problem
comparing to other well-known multiobjective optimization
algorithms [17, 37], and SPEA2, a well-known algorithm in
solving multiobjective optimization problems [41]. For the
simulation experiment, 50 independent runs with random
initial populationswere conducted for each of the algorithms.
All algorithms are implemented inMATLAB and all the sim-
ulations are conducted under the computing environment
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Procedure of pbest update
If 𝑝best

𝑖
and the new generated solution 𝑥

𝑖
both are feasible

If 𝑥
𝑖
≺ 𝑝best

𝑖

𝑝best
𝑖
= 𝑥
𝑖
;

Else
If the new generated solution 𝑥

𝑖
is feasible while 𝑝best

𝑖
is infeasible

𝑝best
𝑖
= 𝑥
𝑖
;

Else
If 𝑝best

𝑖
and the new generated solution 𝑥

𝑖
both are infeasible

If constraint violation of 𝑥
𝑖
is smaller than constraint violation of 𝑝best

𝑖

𝑝best
𝑖
= 𝑥
𝑖
;

EndIf
EndIf

EndIf
EndIf

EndIf
EndProcedure

Algorithm 5: Pseudocode for the 𝑝best update.
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Figure 6: A distribution instance of oil wells at Yushulin oilfield.

with a Lenovo notebook PC, 4GB RAM, Core i3 2.13 GHz
CPU clock speed,MicrosoftWindows 7, andMATLAB 2010a.

5.1. Test Problems. Without loss of generality, all parameters
represented in numerical value are without the measurement
unit, and distances are measured in the unit of grid points
for the simulations. All test problems are designed based on
the reference of the oil wells distribution of Daqing and its
periphery oilfields [42, 43]; the well densities and the scales
of target areas were changed to construct different scenes for
the empirical study. A typical distribution instance referred to
in this study is shown in Figure 6. This area is a part of Y322
block at Yushulin oilfield in Daqing, China.

Test Problem 1 (TP1). There are 100 well relays distributed
in a 4096 ∗ 4096 target area. The total cluster number is

calculated with (1) and turns out to be 25. As described in
Section 4.1, there is a potential sink node for each cluster.
Thus, the number of corresponding potential sink nodes is
25. According to the scale of the target area, the bit lengths of
both 𝑥 and 𝑦 coordinates of each sink node’s location are 12.
The maximum hop in each link is 4, and the communication
range is 200. The financial costs of sink node and relay node
are 8 and 1, respectively.

Test Problem 2 (TP2). The well density is double as in test
problem 1. There are 200 well relays clustered to 57 clusters
with 57 potential sink nodes being distributed in a 4096∗4096

target area with other settings remaining the same as in test
problem 1. This test problem is to test the search abilities of
the algorithms in a more densely distributed oilfield.

Test Problem 3 (TP3). The density is the same as in test
problem 1 while the target area is four times larger. There
are 400 well relays clustered to 124 clusters with 124 potential
sink nodes being distributed in an 8192 ∗ 8192 target area.
Accordingly, the bit lengths of both 𝑥 and 𝑦 coordinates of
each sink node’s location are 13 with other settings remaining
the same as in test problem 1. This test problem is to test the
search abilities of the algorithms in a larger-scale oilfield.

The deployment test problems were conducted with the
proposed scheme. The potential solutions represented by the
particles were reached through the searching process with the
proposed ES-MOBPSO-T algorithm. Sink assignment for the
potential solutions was carried out through the procedures
as described in Section 4 under the condition as described
in Section 3. The Pareto-optimal front was located at the
end of the searching process. The same procedures were
performed on the compared algorithms for the test problems.
It is worth noting that, following the idea in jMetal which
is a famous framework for multiobjective optimization [44],
the constraint handling method used in the experiment for
SPEA2 is the same as in NSGA-II.
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5.2. Comparison Metrics. According to the discussion in
[45–47], no single unary metric can give a comprehensive
measure on the performance of an MOEA. In order to eval-
uate the performance of the proposed deployment scheme
comprehensively, two widely used unary metrics together
with one binary indicator are adopted in this study. They
are the maximum spread (MS) [46], the hypervolume (HV)
indicator [48], and the binary 𝜀-indicator [49].

Maximum spread (MS) is a measure of how well the
true Pareto-optimal front is covered by the generated Pareto-
optimal front through hyperboxes formed by the extreme
function values observed in the true Pareto-optimal front and
the generated Pareto-optimal. The larger MS reflects a better
coverage of the efficient frontier by the generated Pareto-
optimal front. Since the true Pareto-optimal front of the prob-
lem is unknown, for each test instance, the maximum and
minimum values in each of the optimization objectives are
determined among all the Pareto-optimal fronts generated by
all the algorithms in the simulation, and they are regarded
as the extreme values of the true Pareto-optimal front in
calculating the MS measure for each obtained solution.

Hypervolume (HV) indicator measures the spread of the
solutions along the Pareto fronts and the closeness of the
solutions to the Pareto-optimal front. Since the calculation
of HV can be performed without the information of the true
Pareto front, it is suitable for evaluating the performance of
the proposed ES-MOBPSO-T and the compared algorithms
for the deployment problem.Thehigher theHV, the better the
obtained solution set approximates the Pareto-optimal front
andmaintains the diversity. Based on the analysis of all of the
obtained solutions, the reference points used for evaluating
the HV of the obtained solutions in TP1, TP2, and TP3 are set
at (173, 68), (244, 95), and (633, 222), respectively.

Binary 𝜀-indicator is a measure to compare the perfor-
mance of two algorithms. Based on the values of 𝐼

𝜀
, there

are three cases of compared results of two algorithms: better,
worse, and incomparable. For each algorithm, 50 simulation
runs will produce 50 approximation sets. Hence, according
to the definition of 𝐼

𝜀
, there are 2500 pairs of comparison

between the proposed algorithm and each of the compared
algorithms.

5.3. Parameter Settings. To make a fair comparison, the
positions of well relays were maintained the same for all
algorithms and the stopping criteria were set at 600,000, the
number of objective function evaluations for all algorithms in
the simulation.

For the proposed algorithm, an initial population of 50
was used and the sizes of both of the external archives are
set to 100. Single-point crossover was used to generate the
local attractor of each particle. Bitwise mutation operator
was used in the mutation to each particle’s position and
the probabilities for mutation were set as pm = 1/𝑙, where
𝑙 is the binary string length. The jumping rate, number of
transposons, and length of transposon were set at 0.1, 10,
and 25 bits, respectively, in the position update procedure.
In elitist seed repopulation, the jumping rate, number of
transposons, and length of transposon were set at 1, 10,
and 25 bits, respectively. The frequency of elitist seeding

Table 1: Median and interquartile range of the MS metric.

ES-MOBPSO-T
�̃� (IQR)

NSGA-II
�̃� (IQR)

JGGA
�̃� (IQR)

SPEA2
�̃� (IQR)

TP1 6.639E − 01
(1.645E − 01)

5.104𝐸 − 01

(1.427𝐸−01)

5.031𝐸 − 01

(2.276𝐸−01)

5.122𝐸 − 01

(2.847𝐸−01)
+

TP2 8.489E − 01
(8.147E − 02)

6.651𝐸 − 01

(9.496𝐸−02)

7.417𝐸 − 01

(1.345𝐸−01)

7.024𝐸 − 01

(1.212𝐸−01)
+

TP3 8.822E − 01
(9.752E − 02)

5.638𝐸 − 01

(5.137𝐸−02)

5.302𝐸 − 01

(9.017𝐸−02)

4.961𝐸 − 01

(5.125𝐸−02)
+

operation was set at 5 and the number of seeds was set
at 4. An initial population of size of 100 was used for the
compared algorithms. Single-point crossover and bitwise
mutation operators were used inNSGA-II, JGGA, and SPEA2
with the probabilities for crossover and mutation set at 1 and
1/𝑙, respectively. According to [37], the jumping rate, number
of transposons, and length of transposon were 0.04, 1, and 3
bits, respectively, for JGGA.

5.4. Results and Analysis. For the MS and HVmetrics results
of the simulation experiment, the median (�̃�) and interquar-
tile range (IQR) of each test problem were recorded as the
measure of location (or central tendency) and statistical dis-
persion. Since all the algorithms in the simulation experiment
are stochastic, statistical analysis is essential to provide the
confidential comparison. ForMS andHVmetrics on each test
problem, the statistical analysis [50, 51] as shown in Figure 7
was conducted on the simulation results of the proposed
algorithm and the algorithm with the best median value
among the three compared algorithms. The Kolmogorov-
Smirnov test is used to check whether the data sets of
simulation result follow the Gaussian distribution or not. If
the distribution is not normal, the nonparametric Kruskal-
Wallis test is performed to compare the median results of
the competing algorithms. For Gaussian distributions, the
Levene test is used to check the homogeneity of the variances.
And then if the variances are not equal, Welch test is
invoked; otherwise, ANOVA test is performed to verify the
confidence of comparisons. The results are shown in the last
column of Tables 1 and 2, with the symbol “+” representing
the performance difference between the proposed algorithm
and the best among the three compared algorithms that is
significant at the 95% confidence level, while the symbol “−”
indicates that the difference is not significant.The simulation
results in MS and HVmetrics are shown in Tables 1 and 2, in
which the best results for each problem are in bold. Table 3
shows the binary 𝜀-indicator between ES-MOBPSO-T and
the compared algorithms. TP1, TP2, and TP3 refer to the test
problems 1, 2, and 3, respectively. The columns with titles
“𝐵,” “𝑊,” and “𝐼” in Table 3 refer to the number of times
the ES-MOBPSO-T performs better than, worse than, and
incomparable to the corresponding compared algorithms.

Table 1 illustrates that, comparing to the other algorithms,
the ES-MOBPSO-T is better in providing well-extended
solutions for all test problems. On the other hand, Table 3
clearly reveals that the ES-MOBPSO-T algorithm exhibits
very competitive performance to the compared algorithms in
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Figure 7: The general structure of the statistical analysis in this work.

Table 2: Median and interquartile range of the HV metric.

ES-MOBPSO-T
�̃� (IQR)

NSGA-II
�̃� (IQR)

JGGA
�̃� (IQR)

SPEA2
�̃� (IQR)

TP1 4.138E + 03
(8.850E + 01)

3.866𝐸 + 03

(1.813𝐸+02)

3.832𝐸 + 03

(1.730𝐸+02)

2.957𝐸 + 03

(2.630𝐸+02)
+

TP2 4.866E + 03
(2.013E + 02)

4.384𝐸 + 03

(3.420𝐸+02)

4.431𝐸 + 03

(1.883𝐸+02)

4.447𝐸 + 03

(1.410𝐸+02)
+

TP3 2.127E + 04
(1.403E + 03)

1.800𝐸 + 04

(1.145𝐸+03)

1.863𝐸 + 04

(1.093𝐸+03)

1.619𝐸 + 04

(2.540𝐸+02)
+

Table 3: Comparison value on binary 𝜀-indicator.

NSGA-II JGGA SPEA2
𝐵 𝑊 𝐼 𝐵 𝑊 𝐼 𝐵 𝑊 𝐼

TP1 1912 24 564 1892 12 596 1755 42 703
TP2 1901 50 549 1853 135 512 1923 16 561
TP3 2100 0 400 1963 47 490 2023 0 477

locating the Pareto-optimal front. In addition, from Table 2,
we can see that the proposed ES-MOBPSO-T algorithm
obtained the best values for the HV metric in all of the
three test problems. It is evident that the ES-MOBPSO-T is
competitive in both locating the Pareto-optimal front and
maintaining the diversity.

The Pareto front approximations obtained in the sim-
ulation run with the median MS value or with the value
closest to the median MS value of ES-MOBPSO-T and the
compared algorithms were shown in Figures 8, 9, and 10. It
should be noted that because solutions obtained in a single
run may have the same objective values, there are some
overlapped solutions in the target space. The algorithm with
better capability to discover new and unknown areas in the
search space will generate more scattered solutions. It is
undoubted that ES-MOBPSO-T outperforms the compared
algorithms in terms of solution coverage and diversity.
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Figure 8: The approximated Pareto-optimal front for test problem
1.

In test problem 1, ES-MOBPSO-T obtainsmore candidate
solutions than the compared algorithms, with solutions
locating in themore competitive positions in the target space.
In the test instances with larger density of wells or larger
scale, as in the cases of test problem 2 and test problem 3,
ES-MOBPSO-T outperforms the compared algorithms with
solutions having more competitive objective function values
and is able to obtain a much more well-extended Pareto-
optimal front which almost totally covers the solutions
generated by the compared algorithms.

In the practical implementation of IWSNs for oil well
monitoring system, one of the solutions obtained by ES-
MOBPSO-T can be chosen and used to establish the funda-
mental positions of the relay nodes and sink nodes in data
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Figure 9: The approximated Pareto-optimal front for test problem
2.
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Figure 10: The approximated Pareto-optimal front for test problem
3.

delivery subsystem based on the design preferences and the
landform of oilfields.

6. Conclusion

A deployment scheme of industrial wireless sensor networks
for oil well monitoring based on MOPSO was proposed
in this paper. With the knowledge of well relay locations,
an optimum sink node location and relay nodes number
were designed to ensure the well relays' connectivity by
considering the financial cost and the complexity of con-
struction and maintenance. The simulation results show that
the proposed ES-MOBPSO-T can produce diverse optimal

solutions from the minimum financial cost to the minimum
complexity of construction and maintenance and achieve
a better performance than the other three state-of-the-art
algorithms.

Future research will be focused onmore empirical studies
and the implementation of the oil well monitoring system
based on this work.
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Fiber-optic distributed temperature sensing (DTS)makes it possible to observe temperatures on spatial scales as fine as centimeters
and at frequencies up to 1Hz. Over the past decade, fiber-optic DTS instruments have increasingly been employed to monitor
environmental temperatures, from oceans to atmosphericmonitoring. Because of the nature of environmental deployments, optical
fibers deployed for research purposes often encounter step losses in the Raman spectra signal. Whether these phenomena occur
due to cable damage or impingements, sharp bends in the deployed cable, or connections and splices, the step losses are usually not
adequately addressed by the calibration routines provided by instrument manufacturers and can be overlooked in postprocessing
calibration routines as well. Here we provide a method to identify and correct for the effects of step losses in raw Raman spectra
data. The utility of the correction is demonstrated with case studies, including synthetic and laboratory data sets.

1. Introduction

Over the past decade, fiber-optic distributed temperature
sensing (DTS) has increasingly been used in environmental
monitoring applications. The technology, which was orig-
inally developed in the oil and gas industry [1], relies on
Raman spectra scattering and time domain reflectometry to
return spatially and temporally integrated temperatures along
the length of a fiber-optic cable. With spatial sampling inter-
vals as small as tens of centimeters and temporal resolution
as fine as 1Hz, DTS has been a transformative technology in
environmental temperaturemonitoring. Early environmental
applications of DTS focused on in situ characterization of
thermal [2] or hydraulic [3] formation properties, as well
as detecting damaged power cables [4]. Since 2006, use of
DTS for environmental monitoring has rapidly expanded,
and recent applications include studies of groundwater flow
and hydraulic properties [5–7], groundwater-surface water
interactions [8–10], soil water content [11–13], atmospheric
boundary layer phenomena [14–16], cryosphere studies [17–
19], and climate reconstructions [20]. Engineering applica-
tions of DTS include environmental fluid mechanics [21, 22],

as well as detection of illicit storm sewer connections [23],
combined sewer overflows [24], and leaking canals [25].

Many of the DTS instruments available on the market
were originally designed to detect gross temperature changes
that do not require fine temperature calibration: to detect
damaged power lines, for example, an accuracy of 1∘C was
sufficient [4]. Environmental applications, however, often
depend on the observation of small temperature differences
or gradients in space and time. Although most commercially
available instruments include onboard calibration routines,
these methods seldom provide the required temperature
precision [21, 26]. Through careful experimental design and
postprocessing of the raw Raman spectra data, temperature
differences as precise as tenths [26, 27] or even hundredths of
a degree C [28] can be resolved.

DTS data rely on inelastic Raman spectra scattering to
determine the temperatures of the optical fiber. The Raman
spectra comprise two frequencies: theRamanStokes and anti-
Stokes signals, which are shifted by a predictable wavelength
from the incident laser light [1]. The power of the backscat-
tered Stokes signal, which has a slightly longer wavelength
than incident, is largely temperature independent, while

Hindawi Publishing Corporation
Journal of Sensors
Volume 2016, Article ID 7073619, 10 pages
http://dx.doi.org/10.1155/2016/7073619

http://dx.doi.org/10.1155/2016/7073619


2 Journal of Sensors

Stokes
Anti-Stokes
R

ln
(P

S
/P

a
S
)

−0.24

−0.2

−0.16

−0.12

−0.08

−0.04

0

200 400 600 800 10000
Distance (m)

0

400

800

1200

1600

Ra
m

an
 sp

ec
tr

a p
ow

er

(a) Undamaged fiber at uniform temperature

Stokes
Anti-Stokes
R

0

400

800

1200

1600

Ra
m

an
 sp

ec
tr

a p
ow

er

−0.24

−0.2

−0.16

−0.12

−0.08

−0.04

0

200 400 600 800 10000
Distance (m)

ln
(P

S
/P

a
S
)

(b) Damaged fiber at uniform temperature

Figure 1: Sample Raman spectra data for a 1000m fiber at uniform temperature. (a) An undamaged fiber with no step loss. (b) A fiber with
a step loss at 500m.

the power of the anti-Stokes, which has a shorter wavelength
than incident, is strongly dependent on the temperature of the
fiber. Along with optical time domain reflectometry, the ratio
of the Stokes and anti-Stokes signals can be used to return
the integrated temperature of spatially distinct sections of the
optical fiber [29].With different wavelengths, the two Raman
signals have distinct attenuation rates in an optical fiber,
and calibration routines require knowledge of the differential
attenuation rate Δ𝛼 (the difference between the attenuation
rates of the anti-Stokes and Stokes signals in a given glass
fiber). Single-ended calibration routines assume that Δ𝛼 is
uniform over the entire length of the fiber [27], but Δ𝛼 can
exhibit local variations in field deployments.

The differential attenuation rate is a characteristic of each
individual optical fiber and is affected by strains, impinge-
ments, sharp bends, and damage to the fiber itself [30].When
these phenomena occur at a point or over a short section on
the fiber (the length of the sampling interval), step losses in
the Raman Stokes and anti-Stokes signals occur (Figure 1).
Step losses occur frequently in field applications of DTS, due
to impingements on the fiber itself, sharp bends, consistent
or transient stresses on the fiber, and damaged sections. In
duplexed deployments, which comprise two fibers collocated
in a single cable and connected at the far end, step losses can
also be induced by the fusion splice or physical connectors
(e.g., E2000 connectors) that join different lengths of optical
fiber together. Tyler et al. [30] noted both the potential for
these step losses to affect calibration and the importance
of ensuring that they did not occur between the reference
sections used to calibrate DTS data. In some cases, however,
this occurrence is unavoidable.

If these step losses are not addressed in calibration, they
can cause temperature errors that are small, sometimes even
undetectable in the reference sections used to calibrate and
validate the temperature data. On other parts of the cable,
especially far from the calibration reference sections, the
errors induced by neglecting step losses can be much greater.
While double-ended calibration routines can account for step
losses, those routines add noise to the data and are less precise
than single-ended calibration methods, especially for shorter
(<2000m) cables [26, 27]. A reliable method to identify and
correct for step losses increases the applicability of single-
ended calibration and makes it possible to observe finer
temperature changes and gradients within DTS data, even
when losses in the backscatter data occur. Hausner et al.
[27] corrected step losses by simply assuming that the ratio
of the Raman signals should be the same on either side of
the step loss, while Arnon et al. [28] employed an empirical
correction to account for asymmetric losses in a tight-radius
bend. Here we refine the method used by Hausner et al.
[27] by including the influence of differential attenuation
across the loss, and we present a method to identify step
losses that may not be immediately apparent in the data.
We provide the physical and theoretical justification for both
the identification and correction methods and demonstrate
the utility of the methods with synthetic and laboratory case
studies.

2. Methods

DTS data represent temperatures integrated in both time and
space [30]. For a defined integration time, temperatures on
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a section of fiber centered at distance 𝑧 from the instrument
are determined from the raw Raman spectra data according
to (1), in which 𝑇 is the temperature of the fiber; 𝑃

𝑆
and

𝑃
𝑎𝑆

are the power of the Stokes and anti-Stokes signals,
respectively; 𝑧 is the distance from the instrument; Δ𝛼 is
the differential attenuation; 𝐶 is a dimensionless calibration
parameter describing the incident laser and photon detectors
of the DTS instrument, and 𝛾 (K) represents the change in
energy between a photon at the incident wavelength and a
scattered photon in the Raman spectra [27]. The calibration
parameters 𝐶 and 𝛾, which depend on characteristics of the
instrument itself, are uniform over the entire fiber, but Δ𝛼
frequently varies along the length of the cable:

𝑇 (𝑧) =
𝛾

ln (𝑃
𝑆
(𝑧) /𝑃

𝑎𝑆
(𝑧)) + 𝐶 − Δ𝛼𝑧

. (1)

2.1. Identifying Step Losses. Many potential causes of step
losses can be readily identified: splices, for example, occur at
known points on a cable and the accompanying step losses
can be easily identified in the raw data. Localized bending
or strains may or may not be easily identified from a survey
of the cable, and such phenomena may also be transient in
nature. In these cases, a careful evaluation of the raw Raman
spectra data may identify the location(s) of potential step
losses. To identify potential step losses from the raw Raman
trace, we examine the variance (standard deviation) of a ten-
point moving section of the cable.

Because the Raman anti-Stokes signal is more temper-
ature sensitive than the Stokes signal, abrupt temperature
changes (e.g., the cable entering or leaving a calibration bath)
should induce a greater change in the anti-Stokes than the
Stokes signal. In the case of step losses, however, the variance
of the Stokes signal will be similar to that of anti-Stokes’.
The potential step losses identified from this method may
or may not be actual step losses, and further examination is
required before any corrections are made. In some cases, this
can be determined from the data themselves: if the anomaly
occurs coincident with an increase in the anti-Stokes power,
for example, it is due to warm spot on the fiber rather than
a step loss. In other cases, it may not be apparent from the
Raman spectra data and an examination of the cable itself is
required. When this examination is not feasible and there is
no other way to determine whether the anomaly is a step loss,
researchers will have to use their best judgment in calibrating
the data.

2.2. Correcting Step Losses. The simplest occurrence of a step
loss is the case of a fiber at uniform temperature (i.e., 𝑇(𝑧) =
𝑇
0
), such that the step loss results in a discontinuity of the

function at that point. In this simple case, the step loss can be
corrected by a uniform shift of the temperature data on the
far side of the step loss. This simple correction can be applied
to more complex data sets when two conditions are met:

(a) the temperature on either side of the step loss is equal
(i.e., 𝑇(𝑧

1
) = 𝑇(𝑧

2
));

(b) the differential attenuation rate in the fiber is uniform
except at the location of the step loss.

These two conditions allow the correction to be made to the
transformed quantity 𝑅(𝑧) (see (2)), which is the natural log
of the ratio of Stokes to anti-Stokes power. In the case of
uniform temperature along an ideal, undamaged fiber,𝑅(𝑧) is
a linear function of distance (Figure 1(a)) [27]. A step loss in
that uniform-temperature fiber that causes a discontinuity in
the temperature function also results in a discontinuity in the
function describing 𝑅(𝑧): the slope of 𝑅(𝑧) remains constant
except at the step loss, where an offset is seen (Figure 1(b)).
At its most basic level, the correction method determines the
magnitude of that offset and applies it to the entire length of
fiber on the far side of the step loss:

𝑅 (𝑧) = ln [
𝑃
𝑆
(𝑧)

𝑃
𝑎𝑆
(𝑧)
] . (2)

Although step losses are typically caused by physical
phenomena at a single point, the effects of the step losses
are seen over multiple sampling intervals on either side of
the point as well. To account for the spatial influence of the
step loss, we locate the focal point of the step loss and move
the same number of sampling intervals in either direction,
to a sampling interval not influenced by the loss. This pair
of points, an equal distance from the focus point, is used
to determine the correction: we assume that the fiber at
these two points is at the same temperature and rely on that
assumption to calculate the magnitude of the offset shown
in Figure 1(b). In a DTS trace with a 0.5m sampling interval
and a step loss focused at 500m, for example, we might use
the observations located 5 sampling intervals before and after
the step loss (i.e., 497.5m and 502.5m) as the basis for the
correction.

Assuming that these two points are at the same tempera-
ture, the expected difference in 𝑅 would be due solely to the
differential attenuation (typically on the order of 10−5m−1),
and any greater difference is attributed to the step loss itself
((3), where 𝑅(𝑧

1
) and 𝑅(𝑧

2
) are the natural log of the ratios

of the Raman signals at the chosen points before and after
the step loss, resp., Δ𝛼 is the differential attenuation rate,
(𝑧
2
− 𝑧
1
) is the distance between the two chosen points, and

Δ𝑅step represents the effect of the step loss). We estimate the
differential attenuation rate based on the defined calibration
sections for the cable: in those uniform-temperature sections,
the slope of 𝑅(𝑧) is equal to the differential attenuation rate.
The offset to account for the step loss then is determined by
solving (3) for Δ𝑅step:

𝑅 (𝑧
2
) = 𝑅 (𝑧

1
) − Δ𝛼 (𝑧

2
− 𝑧
1
) − Δ𝑅step. (3)

Once the correction offset Δ𝑅step is determined, that offset is
applied to every observation on the far side of the step loss
itself.

With the correction made to 𝑅(𝑧), the adjusted data
are calibrated according to (1). Following the method of
Hausner et al. [27], we use three sections of the cable at
known temperatures to explicitly solve for the parameters 𝛾,
𝐶, and Δ𝛼. The precision of the calibration is measured using
the root mean square error (RMSE) of the calibrated data
within the reference sections. Accuracy of the calibration is
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Table 1: Synthetic data set parameters.

Parameter Units Mean Standard deviation
𝛾 K 489.20 2.000
𝐶 [Dimensionless] 1.702 0.010
Δ𝛼 m−1 5.001 × 10−5 3.305 × 10−5

𝑎
𝑆

m−1 5.358 × 10−4 2.032 × 10−5

𝑎
𝑎𝑆

m−1 5.859 × 10−4 2.688 × 10−5

ln(𝑃
𝑆

) [Dimensionless] N/A 4.09 × 10−4

ln(𝑃
𝑎𝑆

) [Dimensionless] N/A 5.12 × 10−4

measured by the mean bias of validation reference sections:
sections of the cable at known uniform temperatures that
were not used in the calibration calculations.

3. Data Sets

The above methods are demonstrated using two data sets: a
synthetic data set that demonstrates the need for and utility
of the correction algorithm and a laboratory data set that
demonstrates both the step loss detection procedure and the
correction algorithm.

3.1. Synthetic Data Set. To demonstrate the correction, we
created a synthetic data set based on the calibration param-
eters calculated for an existing DTS data set. The calibrated
data set included 306 traces, and the calibrated values of 𝛾,𝐶,
and Δ𝛼, as well as the attenuation rates of the Stokes (𝛼

𝑆
) and

anti-Stokes (𝛼
𝑎𝑆
) signals, were examined. Each of those five

parameters exhibited a normal distribution, and the means
and standard deviations of those distributions were used to
create the synthetic data set (Table 1). In addition to those
parameters, the standard deviations of ln(𝑃

𝑆
) and ln(𝑃

𝑎𝑆
)were

calculated for a uniform temperature. The data shown in
Table 1 were used as the basis for the synthetic data set.

The synthetic data set included 1440 traces of an arbitrary,
spatially variable temperature distribution that was assumed
to be constant in time. For each trace, the values of 𝛾,
𝐶, and Δ𝛼 were determined randomly using the values in
Table 1, with the restriction that value of Δ𝛼 could not
be less than zero. Based on these values and the known
spatial temperature distribution 𝑇(𝑧), the corresponding
spatially distributed values of 𝑅(𝑧) = ln(𝑃

𝑆
(𝑧)/𝑃
𝑎𝑆
(𝑧)) were

determined using (1). The attenuation rate of either the
Stokes or anti-Stokes signal was randomly determined, and
the attenuation rate of the other was then calculated using
the equation Δ𝛼 = 𝛼

𝑎𝑆
− 𝛼
𝑆
[21]. The value of the Stokes

power (𝑃
𝑆
) at 𝑧 = 0 was arbitrarily set at 1000, and the

spatial distribution of ln[𝑃
𝑆
(𝑧)] was determined using the

attenuation rate (𝛼
𝑆
) and a temperature sensitivity of 0.01 K−1

((4), where 𝑇
𝑘
is the temperature in kelvins). The spatial

distribution of ln[𝑃
𝑎𝑆
(𝑧)] was then determined based on the

temperature distribution, ln[𝑃
𝑆
(𝑧)], 𝑅(𝑧), and (2). Normally

distributed random errors were added to these values, and
the exponential of each distribution was taken to return the
synthetic distributions of Stokes and anti-Stokes power. The
synthetic data set comprised the spatially variable, temporally

constant temperature distribution, as well as the spatially and
temporally variable distributions of Stokes and anti-Stokes
power:

ln𝑃
𝑆
(𝑧) = ln 1000 − 𝛼

𝑆
𝑧 + 0.01 [𝑇

𝑘
(𝑧) − 298.15] . (4)

The complete synthetic data consisted of 1440 traces
along a 1000m, duplexed cable recording a spatially variable
temperature trace (Figure 2(a)) that remains constant in
time. We compared the results of single-ended calibration
routines applied to the ideal (no step loss) Raman spectra
trace (Figure 2(b)) and both corrected and uncorrected
routines applied to the trace with a step loss (Figure 2(c)).The
synthetic temperature trace contained a number of uniform-
temperature sections at a range of temperatures to make
comparisons between different calibration routines easier.
The synthetic data shown in Figure 2(c) were recalibrated
using the three-section explicit method [27] both with and
without the step loss correction. Each calibration was based
on the reference sections from 1–24m (25∘C), 25–49m (15∘C),
and 976–1000m (25∘C), and validation was done on the
section 950–975m (15∘C). These reference sections were
chosen to be representative of a typical duplexed calibration
scheme.

Using the calibrated data, we calculated the RMSE and
mean bias in the three calibration baths and the validation
bath. We also calculate those parameters for the two passes
through the mid-cable bath (475–499m and 501–525m).

3.2. Laboratory Testing. A laboratory experiment was con-
ducted 6 March 2015 at the University of Nevada, Reno.
A 125m long, duplexed cable was deployed with three
reference sections (Figures 5(a) and 5(b)), and the data
were processed by the uncorrected and corrected calibra-
tion schemes using calibration reference sections 10–28m
(∼28∘C), 33–52m (∼4∘C), and 220–238m (∼28∘C) and val-
idation section 197–213m (∼4∘C). DTS data were recorded
with an Oryx (Sensornet Ltd., Hertfordshire, UK) using a
60 s integration time and a 1m spatial sampling interval.
Temperatures in the reference sections were measured inde-
pendently with RBRsoloT temperature loggers (RBR Ltd.,
Kanata, Ontario, Canada) with NIST-traceable temperature
accuracy of±0.002∘C.We calculated theRMSE andmean bias
for the calibration and validation reference sections, as well as
for two mid-cable sections (104–118m and 129–144m).
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Figure 2: Synthetic data set. (a) Spatial distribution of temperatures used as the basis of the rawdata.Thedata are duplexed about themidpoint
of the fiber, as indicated by the shaded area on the right side of each plot. (b) An example of the ideal Raman spectra data for the specified
temperature trace (no step loss). (c) A sample of the Raman spectra data including a step loss at 500m.
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Figure 3: Sample trace of recalibrated data for the synthetic data set including a step loss. (a) Uncorrected step loss. (b) Corrected step loss.

4. Results

Here we present the above methods applied to the different
case studies. Because the locations of the step losses are
known in the synthetic data set, we apply only the step
loss correction. In the laboratory test, we apply both the
identification algorithm and the correction algorithm.

4.1. Case Study 1: Synthetic Data Set. Calibrationmetrics were
similar for both the corrected and uncorrected calibration
schemes (Table 2). The difference between the two routines

is apparent, though, in the validationmetric.The uncorrected
schemehas amean bias of approximately the samemagnitude
as the validation RMSE, indicating that the uncorrected
scheme consistently underestimates temperatures in the
validation section. This discrepancy becomes much more
apparent with the metrics from the mid-cable references:
closer to the instrument (475–499m) the temperatures are
overestimated by almost 0.9∘C, while just 2m away on the
other side of the step loss (501–525m) the temperature is
underestimated by the same amount, resulting in an apparent
1.8∘Cdiscontinuity in the temperature trace. Calibration error
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Table 2: (a) Calibration, validation, and near-splice metrics from the uncorrected and corrected calibration schemes as applied to the
synthetic data set. (b) Calibration, validation, and near-splice metrics from the corrected and uncorrected calibration schemes as applied
to the laboratory test data.

(a)

Uncorrected metrics 𝜇 ± 𝜎 of 1440 traces ∘C Corrected metrics 𝜇 ± 𝜎 of 1440 traces ∘C

Calibration RMSE 0.023 ± 0.001 0.02 ± 0.001
Bias <10−5 <10−5

Validation RMSE 0.09 ± 0.005 0.02 ± 0.002
Bias −0.09 ± 0.005 0 ± 0.005

475–499m RMSE 0.89 ± 0.005 0.02 ± 0.005
Bias 0.89 ± 0.005 0.00 ± 0.01

501–525m RMSE 0.89 ± 0.005 0.02 ± 0.005
Bias −0.89 ± 0.005 0.00 ± 0.01

(b)

Uncorrected metrics 𝜇 ± 𝜎 of 208 traces ∘C Corrected metrics 𝜇 ± 𝜎 of 208 traces ∘C

Calibration RMSE 0.10 ± 0.02 0.09 ± 0.02
Bias <10−4 <10−4

Validation RMSE 0.20 ± 0.03 0.15 ± 0.05
Bias 0.14 ± 0.02 0.03 ± 0.03

104–118m RMSE 0.38 ± 0.02 0.14 ± 0.04
Bias −0.39 ± 0.02 −0.13 ± 0.04

129–144m RMSE 0.14 ± 0.02 0.15 ± 0.05
Bias 0.12 ± 0.02 −0.13 ± 0.06

increases with distance from the DTS instrument, reaching a
maximum at the location of the step loss (Figure 3(a)).

In the corrected scheme, the RMSE and mean bias of the
validation bath are the same as those in the calibration baths.
The mid-cable baths, too, have RMSE values identical to the
RMSE of the calibration baths and show no bias. Figure 3
shows the differences between the uncorrected calibration
and the corrected calibration (Figure 3(b)), which has a
consistent RMSE and zero bias over the entire length of the
cable.

4.2. Case Study 2: Laboratory Data. Figure 4 shows the
actual temperature (Figure 4(a)), mean Stokes and anti-
Stokes Raman signals (Figure 4(b)), and the variance of the
ten-point moving section used to identify step losses. The
running variance of the Raman signals increases at a number
of points along the fiber. When increases are caused by an
abrupt temperature change, the variance of the anti-Stokes
signal will increase more than the variance of the Stokes
signal.This response is seen at 30m, 54m, 99m, 147m, 192m,
and 216m (Figure 4(c)). Those locations all correspond to
abrupt temperature changes where the cable enters or leaves
a calibration bath (Figure 4(a)), and the temperature change
is also apparent in the raw Raman signals (Figure 4(b)). At
several points on the trace shown in Figure 2(c), however, the
variance of the Stokes signal is the same as or greater than
the variance of the anti-Stokes signal. These spikes occur at
5m, 123m, and 244m (Figure 2(c)) and correspond to the
connection between the first fiber and the DTS instrument,
the fusion splice at the end of the duplexed cable, and the

connection between the instrument and the second fiber,
respectively. Each of these points induces a step loss, from
either the physical connection or the fusion splice, and can
be identified by this method.

Table 2(b) shows the calibration and validation metrics
for the laboratory data. With the uncorrected calibration
routine, the validation bath consistently overestimates the
temperature (mean bias 0.14 ± 0.02∘C, compared to the
calibration RMSE of 0.10 ± 0.02∘C), and the mid-cable
reference bath shows the same pattern seen in the synthetic
data. In this case, the near-instrument section (104–118m)
underestimates the temperature by 0.4∘C, while temperature
in the same bath on the other side of the splice (129–144m) is
overestimated by 0.12∘C.

As in the synthetic data set, correcting for the step loss
in the splice improves the calibrated data. In this case, the
validation RMSE falls to 0.15∘C, and the magnitude of the
mean bias in both of the mid-cable baths is less than this
RMSE. The correction also ensures that the bias in the baths
on either side of the step loss is identical.

5. Discussion

The loss correction algorithm presented here was designed
for and works best with duplexed installations such as those
recommended by NSF CTEMPs and by Hausner et al. [27].
Duplexed deployments allow the collection of both single-
ended and double-ended data. However, duplexed cables
typically include a fusion splice at one end of the cable,
which induces a step loss in the Raman spectra data. Because
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Figure 4: Identifying step losses from the Raman spectra signals. (a) Corrected temperature trace along the length of the cable. (b) Raw
Raman spectra Stokes and anti-Stokes data. (c) 10-point running variance of the raw Raman spectra data.

the nature of the duplexing makes the assumption that the
temperature is the same on both sides of the step loss valid,
it is prudent to compare single-ended and double-ended
calibration routines and choose themethod that returnsmore
reliable data.

The synthetic and laboratory data presented here ranged
between approximately 4∘C and 30∘C, and the reference
sections in each case study represent the minimum andmax-
imum temperatures encountered. This is important to the
calibration routine: calibrated data are most reliable within
the temperature range between the warmest and coolest
reference sections. Experimental designs should consider this
and select reference sections accordingly.

In cases where a cable is damaged andmust be repaired in
the field, the repair will induce a step loss as well. If possible,
a length of cable should be included on either side of the
repaired fiber to ensure that this correction method can be
used. In other cases, step losses can be induced by transient
phenomena (bends tensioned by wind, e.g., or cables stressed
by fallen trees). In these cases, this correction routine may
or may not be applicable, depending on the uniformity of
temperature around the stressed location and the precision
of temperature observations required by the application. For
step losses that can be predicted and accounted for in the
experimental design, however, this correction method can
greatly improve the quality of the data.

6. Conclusions

The effects of step losses, especially step losses far from
the DTS instrument, can be neglected by conventional

calibration routines and are not always readily identified
unless they are specifically considered. The methodology
presented here can be used to identify likely locations of
step losses on an inaccessible cable, but each plausible step
loss should be carefully considered by researchers before any
correction is applied: the identification is a first step only.
If the identified areas are determined to be step losses, the
effects of those step losses can be corrected during calibration.

When the correction algorithm is applied, temperatures
near the point of the step loss, in particular, are improved. In
many applications (e.g., downhole experiments), these tem-
peratures are critical to the study, and improved confidence
in these regions can lead to better data and less uncertainty
in experimental results. Careful experimental design and
evaluation of all calibration options can greatly improve
the reliability and utility of DTS data for environmental
monitoring. We recommend that researchers be aware of
and consider the following issues when planning a DTS
deployment:

(i) selecting an appropriate fiber-optic cable that pro-
vides suitable protection and strain relief for the
optical fiber,

(ii) careful cable handling during deployment and repair,
with independent strain relief and anchors where
necessary,

(iii) duplexed deployments to ensure that both single-
ended and double-ended calibrations can be applied
to the collected data,
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Figure 5: Calibrated DTS temperatures with different calibration schemes applied to the field data set. (a) Temperature along the entire cable,
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(iv) placement of calibration and validation reference
sections at locations both near and far from the DTS
instrument,

(v) designing reference sections such that the reference
temperatures bracket the temperatures expected dur-
ing observations,

(vi) careful planning and completion of any required
repairs, including reference section at the same tem-
perature on either side of any repair splices.

These recommendationsmake both single-ended anddouble-
ended calibrations possible.While double-ended calibrations
can usually handle localized step losses accurately [26],
those routines are less precise than single-ended methods
[26, 27, 30], especially for short cables [27]. The step loss
correction presented here will allow researchers the option
to use single-ended calibration methods to refine DTS data
from deployments with localized losses.
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[21] F. Suárez, J. E. Aravena, M. B. Hausner, A. E. Childress, and S.
W. Tyler, “Assessment of a vertical high-resolution distributed-
temperature-sensing system in a shallow thermohaline envi-
ronment,” Hydrology and Earth System Sciences, vol. 15, no. 3,
pp. 1081–1093, 2011.

[22] M. B. Hausner, K. P. Wilson, D. B. Gaines, and S. W. Tyler,
“Interpreting seasonal convective mixing in Devils Hole, Death
Valley National Park, from temperature profiles observed by
fiber-optic distributed temperature sensing,” Water Resources
Research, vol. 48, no. 5, Article IDW05513, 2012.

[23] O. A. C. Hoes, R. P. S. Schilperoort, W. M. J. Luxemburg, F.
H. L. R. Clemens, and N. C. van de Giesen, “Locating illicit



10 Journal of Sensors

connections in storm water sewers using fiber-optic distributed
temperature sensing,”Water Research, vol. 43, no. 20, pp. 5187–
5197, 2009.

[24] R. P. S. Schilperoort and F. H. L. R. Clemens, “Fibre-optic
distributed temperature sensing in combined sewer systems,”
Water Science and Technology, vol. 60, no. 5, pp. 1127–1134, 2009.

[25] O. A. C. Hoes, W. M. J. Luxemburg, M. C. Westhof, N. C. Van
De Giesen, and J. Selker, “Identifying seepage in ditches and
canals in polders in the netherlands by distributed temperature
sensing,” Lowland Technology International, vol. 11, no. 2, pp. 21–
26, 2009.

[26] N. van de Giesen, S. C. Steele-Dunne, J. Jansen et al., “Double-
ended calibration of fiber-optic raman spectra distributed
temperature sensing data,” Sensors, vol. 12, no. 5, pp. 5471–5485,
2012.
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Mobile sensing is becoming the best option to monitor our environment due to its ease of use, high flexibility, and low price. In this
paper, we present a mobile sensing architecture able to monitor different pollutants using low-end sensors. Although the proposed
solution can be deployed everywhere, it becomes especially meaningful in crowded cities where pollution values are often high,
being of great concern to both population and authorities. Our architecture is composed of three differentmodules: a mobile sensor
formonitoring environment pollutants, an Android-based device for transferring the gathered data to a central server, and a central
processing server for analyzing the pollution distribution. Moreover, we analyze different issues related to the monitoring process:
(i) filtering captured data to reduce the variability of consecutivemeasurements; (ii) converting the sensor output to actual pollution
levels; (iii) reducing the temporal variations produced by mobile sensing process; and (iv) applying interpolation techniques for
creating detailed pollution maps. In addition, we study the best strategy to use mobile sensors by first determining the influence of
sensor orientation on the captured values and then analyzing the influence of time and space sampling in the interpolation process.

1. Introduction

Air pollution basically consists in the emission of gases
or particles into the atmosphere, producing changes in its
composition. Air pollution levels are critical aspect to con-
sider nowadays since it is associated with several problems
affecting people’s life quality, such as health issues (mainly
in the respiratory tracts), climate changes, and reduced
agriculture production.

Throughout Europe, about one thousand five hundred
air monitoring stations have been deployed to control air
pollution on a large scale, providing coarse-granularity pol-
lution levels for most relevant cities. Despite the fact that this
number may seem large, when focusing on a specific city
we find that these stations are quite scarce, failing to provide
detailed pollution levels on a per-neighborhood basis [1]. For
instance, in Valencia, the third largest city in Spain, there are
only 5 monitoring stations, as shown Figure 1. These are able
to provide pollution levels on a large scale but for better data
granularity and to study spatial variability with more detail,
it would be necessary to have many of these stations, which
becomes unfeasible due to the high costs associated.

Monitoring stations rely on sophisticated sensors, which
are very accurate and introduce minimum uncertainty levels
in the data capture process (e.g., Dobson spectrophotometers
are used for monitoring ozone levels [2]). However, they are
very expensive and hard to manage. Due to their size, they
must be installed on a specific location, and the monitored
value is only representative in a small surrounding area.

An alternative for measuring environmental pollution
is relying on mobile sensing. Specifically, small low-cost
devices can be installed in various types of vehicles to
monitor different parts of the city at different times.Themain
problem of low-end mobile sensors is that they have less
accuracy than sophisticated sensors, and so they need to be
regularly calibrated; besides, measurements are also weather-
dependent.

Even a small and low-cost mobile station must be
endowed with several sensors able to measure different types
of air pollution. Pollutants can be of two types: (i) primary air
pollutants, which are gases or particles emitted directly into
the atmosphere: in this category we have carbon monoxide
(CO), carbon dioxide (CO

2
), particulate matter smaller than

10 microns (PM10), or particulate matter smaller than 2.5
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Figure 1: Example of an air monitoring station, and the location of
the 5 stations available in Valencia, Spain.

microns (PM2.5); and (ii) secondary air pollutants, which
are gases produced by a chemical reaction between primary
pollutants and some environment element: in this second
category we have ozone (O

3
), which is produced by the

combination of nitrogen oxides (NO
𝑥
), Oxygen (O

2
), Volatile

Organic Compounds (VOC), and sunlight [3].
In this paper we propose an architecture offering mobile

pollution sensing with high spatial resolution. Our architec-
ture includes three independent modules: a mobile sensor
for monitoring environment pollutants, an Android-based
device for transferring the gathered data to a central server,
and a central processing server for analyzing the pollution
distribution using the collected data through spatial inter-
polation techniques. Throughout the paper, we will focus
on ozone sensing since it is more complex to estimate that
other pollutants. In particular, wewill discuss how to properly
calibrate the sensor and reduce time variability. In addition,
we will assess the impact of sensor position and of mobility,
as well as the impact of temporal and spatial subsampling.

The paper is organized as follows. In the next section we
present some related works on the topic. In Section 3, we
provide an overview of the proposed architecture. Then, in
Section 4, we detail the procedure followed in order to obtain
reliable measurements from low-cost sensing devices. Sec-
tion 5 discusses the optimal strategy for performing mobile
measurements. In Section 6, we validate the proposed archi-
tecture through comparison against infrastructure-based
results. Finally, in Section 7, we present our conclusions and
future work.

2. Related Work

In recent decades, air pollution monitoring has gained
worldwide relevance due to the influence of air quality on our
lives. There are many research works that study the effects
of pollution on our health. Among them we can find the
contributions of Chen et al. [4, 5], who analyzed the effects

of ozone and particles matter on human health. Brook et al.
[6] also contributed to this field by studying the relationship
between the exposure to air pollution (including ozone) and
cardiovascular events.

Determining the pollution distribution in a city based
on a few samples requires adopting spatial interpolation
techniques for estimating it. In this regard, studies such as [7,
8] have relied on kriging interpolation techniques to predict
pollution.These studiesweremade in the cities ofQuebec and
Toronto, respectively.

To have a detailed overview of pollution distribution,
fine-grain monitoring is required, and mobile sensing is
the best option to achieve it. In the literature we can find
several works adopting this approach. For instance, Brković
and Sretović [9] propose a system to monitor environment
pollution in the city of Belgrade using Waspmote sensors
installed in the public transport system. Deng and Zhang [10]
use a vehicular sensor network for air pollution monitoring.
In particular, they propose to use taxis for deploying the
system and mainly analyze the communication between
them.More recently, Calafate andDucourthial [11] combined
mobile sampling techniqueswith kriging-based interpolation
to determine the achievable accuracy when estimating the
ozone distribution in a city, relying on the public transporta-
tion system for data gathering.

Cheng et al. [12] propose a system to monitor the
concentrations of PM2.5 using crowdsourcing, which is an
alternative to usingmobile sensors.They focus on the analysis
of themechanical sensor design to optimize the air reception,
as well as on data fusion techniques to analyze the data.
Sensor calibration is achieved by analyzing data produced in
the laboratory using neural networks.

Finally, Zheng et al. [13] show how to analyze the data
obtained from different sources, such as traffic levels, weather
conditions, and pollution, using different Big Data tech-
niques, and evidence how these techniques allow inferring
environmental pollution levels with better granularity.

Our proposal differs from the former ones since it aims at
providing a full mobile sensing architecture. In particular, we
combine low-end sensors, smartphones, and Cloud services
to efficiently monitor pollution levels. By relying on the
data readings provided by the existent infrastructure (high
reliability), we show how to calibrate and adjust data readings
and how it is possible to obtain detailed pollutionmaps using
spatial interpolation techniques. In addition, we study the
impact of mobility, sensor orientation, spatial subsampling,
and time subsampling on the prediction accuracy.

3. Mobile Sensing Architecture Overview

Our proposed architecture defines a set of elements that allow
monitoring air pollution in a cheap and easy way, being spe-
cially useful in very crowded cities. It combines information
from existing air quality monitoring stations with the data
collected by mobile sensors to generate fine-grained reports
about spatial pollution distribution throughout the city.These
mobile sensors can be installed in bicycles or the public
transportation system to monitor the whole city in a simple
and effective way. All collected information is stored on
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Figure 2: Overview of the proposed mobile sensing architecture including the main hardware components and the technologies used.

a central server for data processing, generating detailed
reports afterward.

The architecture integrates several hardware and software
components. These components are either mobile sensing
elements or the central processing server that analyzes col-
lected data and presents detailed information.Mobile sensing
elements are composed of two different components: (i)
a mobile sensor for measuring pollution data and (ii) an
Android-based device for showing real-time pollution status,
storing the data, and transferring it to the Cloud server
when network connectivity is available. Figure 2 provides an
overview of the proposed architecture.

The mobile sensor is based on an Arduino platform [14],
and it measures environment parameters through various
sensors (ozone, CO

2
, air pollution, or temperature). Once

data is ready, it can be made available to the Android device
via a Bluetooth connection.

For the user to manage the mobile sensing process,
an Android application was developed (see Figure 3). This

application allows starting or stopping a trace, view captured
data in real-time, uploading data to the server, and perform
other management tasks.

Internally, the application has two parts: (i) a service
that continually receives the data sent by the sensor and
that saves it in an internal database: the service opens a
Bluetooth serial communications channel with the sensor for
the data transfer; and (ii) a user interface that allows starting
or stopping a trace data capture from the sensor and that
also provides real-time feedback about pollution levels at the
current location according to the AQI index [15]. Moreover,
the full trace can be represented on a map showing pollution
variations through different color identifiers. Once the trace
is completed, the data can be sent to the server via an HTTP
connection.

Concerning the Central server, it is a web-enabled system
that handles the information received from the Android
device. The received data is saved in a MySQL database.
Next, the information is processed using different statistical
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Figure 3: Android-based application deployed monitoring screen
(back) and path of a monitoring session (front).

procedures. Finally, the detailed information is presented to
the system administrator through a web front-end.

The web interface of the Cloud server was built using
a Word-press CRM. The website, available at http://www
.ecosensor.net, allows the administrator to have full access
to the information in terms of trace handling, processing,
and visualization. Once logged in, the administrator views all
uploaded traces and can choose different statistical analyses
for the different datasets (e.g., CO

2
, ozone, air pollution, and

temperature). For statistical analysis and report generation it
relies on the R graph tool [16]. The generated graphics for
each dataset include heat map, boxplots, time series, and the
confidence associated with the spatial interpolation process,
as shown in Figure 4.

4. Monitoring Process

After defining the proposed architecture, we now focus on the
most relevant issues regarding the reliability of the pollution
monitoring process. Our target pollutant was ozone due to
its well-known negative impact on health and also because it
is more complex to measure accurately than other pollutants
due to its dependency on temperature and time of day.

The issues that should be taken into account to perform
accurate ozone measurements are the following:

(i) Sensor output data measurements are highly variable
in ranges close to the real values, and so such variabil-
ity should be reduced.

(ii) The sensor outputs should be transformed into the
respective units for each pollutant. In most cases, the
measured resistance value must be converted into
particles per billion (ppb).

(iii) In order to use mobile sensors, time-dependent vari-
ability must be removed since different samples are
obtained at different times.

Figure 4: Example of the Cloud applicationweb page showing some
monitoring sessions and the analysis output for two air pollutants.

(iv) Using the adjusted measurements, the next phase is
to apply spatial interpolation techniques for creating
detailed pollution maps.

Figure 5 shows the different steps taken when transform-
ing the raw sensor readings in detailed air pollution maps.
Also, we detail bellow how each of these issues has been
addressed.

4.1. Data Reading. Low-end sensors introduce significant
variability between consecutive measurements (absolute val-
ues for intersample differences have 𝑥 = 6.15, 𝜎 = 5.73),
so data retrieval processes should eliminate these oscillations
associatedwith noise in the sensor readings. For this purpose,
we performed the following steps: first, we calculated the
average value of 25 samples (𝑛 = 25), with an interval of 10ms
between each consecutive sample, as shown in

𝑂
𝑠
=

∑
𝑛

𝑖=1
𝑂
𝑖

𝑛

. (1)

In this equation 𝑂
𝑠
represents the estimated ozone level,

𝑂
𝑖
represents the ozone level sample 𝑖 obtained from the

sensor, and 𝑛 represents the number of measurements. In this
step, we slightly reduce the absolute variability (𝑥 = 5.39, 𝜎 =
5.01). Afterward, and taking into account that the variability
was still very high, we used a low-pass filter for the data
analysis process with 𝛼 equal to 0.95 to further reduce this
variability, as shown in

𝑂
𝑖
= 𝑂
𝑟
+ 𝛼 ⋅ (𝑂

𝑖−1
− 𝑂
𝑟
) . (2)
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Figure 5: Monitoring process overview showing the different tasks associated with each step in the process.

𝑂
𝑖
represents the current ozone level, 𝑂

𝑖−1
represents the

ozone level in the previous measurement, 𝑂
𝑟
represents the

filtered ozone value, and 𝛼 represents the filter coefficient. In
this step, we drastically reduce the absolute variability (𝑥 =
0.32, 𝜎 = 0.30).

Figure 6(a) shows the difference between the values of
captured ozone levels and the values of ozone levels after
applying the low-pass filter, and Figure 6(b) shows the
variability after applying the mean and the low-pass filter.
It shows that data variability is significantly reduced while
maintaining the correct trend.

At the end of this process, we havemeasurements without
the variability associated with noisy sampling.

4.2. Unit Conversion. Sensors provide an electrical signal
output. It needs to be transformed to a pollution level
value. Specifically, the ozone sensor probe (MiC-2610) has
an internal resistance, which varies proportionally to ozone
concentrations. The sensor can measure ozone variations
between 10 ppb and 1000 ppb, where that resistance varies
between 11 kΩ and 2MΩ with a quasi-linear behavior.

Sensor specifications were made at a constant tempera-
ture of 25 degrees centigrade and vary depending on weather
conditions.

For calibrating the sensor we have done several mea-
surements at different days, and under different weather
conditions, to get a broad range of values. These data have
been compared against the data obtained from the official
monitoring station located at the Technical University of
Valencia (UPV), Spain. Data obtained are shown in Table 1.
Considering that the measurements have a dependency on
both ozone levels and temperature, we obtained through
regression a second-degree polynomial (see (3)) that takes the
temperature and the resistance obtained by the sensor into
account to determine the actual ozone values:

𝑂 = 𝛼 + 𝛽
1
𝑡 + 𝛽
2
𝑟 + 𝛽
3
𝑟
2
. (3)

Table 1: Relationship between sensor readings and monitoring
station readings.

Resistance
[Ohm]

Temperature
[
∘C]

Station ozone
[ppb]

Calculate ozone
[ppb]

25.0 19.0 80 63.55
31.0 16.0 65 73.10
28.0 15.5 52 55.22
35.0 13.0 83 79.72
28.0 28.0 120 117.46
23.3 23.0 70 77.58
23.5 22.0 70 73.35

In this equation 𝛼 is a regression coefficient, 𝛽
1
is a tem-

perature coefficient,𝛽
2
is a sensor reading coefficient,𝛽

3
is the

reading coefficient squared, 𝑡 is the measured temperature,
and 𝑟 is the sensor reading (measured as resistance). The
output 𝑂 is the ozone level measured. The final regression
obtained is shown in

𝑂 = −29.19 + 4.79𝑡 − 3.09𝑟 − 0.13𝑟
2
. (4)

The error obtained for the regression was 𝑅2 = 0.85.
Compared against a 1st-order regression (𝑅2 = 0.83) the
obtained result is better in terms of 𝑅2. Compared against a
3rd-order regression (𝑅2 = 0.86), the improvement in 𝑅2 is
minimum and differences are minor.

4.3. Time Variability Reduction. To cover large areas of land
with a fine spatial granularity we use mobile sensors, which
can capture data at various points although at different time
instants. So, the difference betweenmeasurements𝑂 has both
time Δ𝑂

𝑡
and spatial Δ𝑂

𝑒
dependencies. Since our main
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Figure 6: Relationship between captured data and filtered data (a) and relationship between captured data variation and the filtered data
variation (b).

goal is to determine differences between ozone levels in a
particular area, it is necessary to eliminate the time variation:

Δ𝑂 = Δ𝑂
𝑡
+ Δ𝑂
𝑒
,

Δ𝑂
𝑒
= Δ𝑂 − Δ𝑂

𝑡
.

(5)

For the calculation of the ozone time variations, we ana-
lyzed data from a monitoring station located at the Technical
University of Valencia, focusing on historical data between
2008 and 2014. In the historical data analysis, we analyzed the
ozone evolution focusing on average monthly measurements
between 2008 and 2014. It is noted that the values are higher
fromApril to September and lower for the remainingmonths.
Figure 7 shows the mean values and standard deviation in
the shaded area and maximum values with the top line. The
variation in ozone levels during a representative June day was
also analyzed. As shown in Figure 8, ozone levels reach their
lowest value at the end of the night, at about 6 am, and rise
to reach maximum values at 2 or 3 p.m., beginning to decline
gradually afterward.The behavior for the othermonths of the
year is analogous to the month shown.

As a result of the analysis of these data, we observe
that ozone has a different behavior in summer (specifically
from April to September) compared to the rest of the year.
During day time, the behavior is very similar to the parabolic
logarithmic distribution, with an onset of rapid growth
followed by a less pronounced decline.

Based on the previous data regarding monthly average
values between 2008 and 2014, taken at themonitoring station
of the TechnicalUniversity ofValencia, ozone level prediction
relies on a parabolic logarithmic regression influenced by
temperature and season of the year, one for summer, and one

for winter. The expression used (in linear format) was the
following:

ln (𝑂
𝑡
) = 𝛼 + 𝛽

1
𝑠 + 𝛽
2
𝑡 + 𝛽
3
ln (ℎ) + 𝛽

4
ln (ℎ)2 , (6)

where ℎ is time of day, 𝑠 is the season, 𝑡 is the temperature, and
the remaining 𝛼 and 𝛽

𝑖
values are regression coefficients (𝛽

1
:

season coefficient, 𝛽
2
: temperature coefficient, 𝛽

3
: coefficient

for the logarithm of the time of day, and 𝛽
4
: coefficient for the

logarithm of the time of day squared):

ln (𝑂
𝑡
) = −7.70 + 0.03𝑠 − 0.01𝑡 + 9.23 ln (ℎ)

− 1.77 ln (ℎ)2 ,

ln (𝑂
𝑡
) = −15.43 + 0.12𝑠 + 0.03𝑡 + 14.42 ln (ℎ)

− 2.83 ln (ℎ)2 .

(7)

The values of ‖𝑅2‖ are 0.91 and 0.82 for summer and
winter, respectively, showing a behavior very similar to the
actual one.

The procedure followed to correct time-dependent vari-
ability was as follows: (i) ozone values are calculated at
two time instants using (6); (ii) the difference between the
values is obtained; and (iii) the actual readings are reduced
according to the calculated variation.

4.4. Interpolation Data. The adjusted data is the input for
creating detailed pollution maps. In the scope of this work
this is achieved by using the R graph tool. Specifically, we
rely on spatial interpolation techniques known as ordinary
kriging. First, a semivariogram is calculated for a specific
area, and kriging parameters are determined. Next, a detailed
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Figure 7: Ozone evolution in June (a) and throughout the year (b).
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Figure 8: Example of an ozone distribution heat map for the UPV
using the proposed architecture.

pollution distribution is created using the obtained param-
eters. To easily visualize the pollution levels distribution in
space, different maps are created, as shown Figure 8.

The semivariogram defines the variance of the differences
between two points. It determines the parameters required
for the kriging interpolation, which have an influence on the
distribution form.

(i) Sill determines the total variance of the values.

(ii) Nugget determines the variance at the origin.

(iii) Range determines the range of influence of themodel.

(iv) Model determines the distribution function. It can be
Gaussian, Spheric, Exponential, Circular, or Linear.

Figure 9 shows a sample semivariogram as an example.
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Figure 9: Example of a semivariogram showing a Gaussian distri-
bution. It shows the different parameters related to the interpolation
techniques (Nugget, Sill, and Range).

5. Finding the Optimal Measurement Strategy

After defining the architecture and the monitoring process,
we now proceed to determine the optimal strategy for air
pollution data collection using mobile sensors.

With this purpose, we first analyzed the impact of mobil-
ity on sensor readings by comparing static against mobile
measurements. Also, we determined the influence of sensor
orientation in the mobile sensing process. Our next step was
to analyze the impact of reducing the sampling frequency
on the kriging process accuracy under mobile scenarios.
Similarly, we analyzed the impact of reducing the number
of spatial samples on the kriging process accuracy. This was
achieved by skipping selected streets when capturing data,
progressively reducing the overall path.

5.1. Optimal Sensor Positioning. To analyze the impact of
mobility on the data capture process we performed different
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Table 2: Statistical summary of the sensor position analysis.

Period Mean Std. Dev. 𝑝 value
Static 27.39 0.85 —
Movement 27.34 1.03 0.25
Facing forward 27.41 1.04 0.77
Facing backwards 27.44 1.02 0.38
Facing upwards 26.85 0.95 0.06
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Figure 10: Analysis of the variability of mobile sensor readings:
static versus mobile sensor.

tests, collecting ozone levels in a specific area either statically
or using a bike moving at a speed of about 20 km/h. For
mobility tests, we collected measurements with different
sensor orientations: (i) facing forward, (ii) facing backwards,
and (iii) facing up. Statistics for the “mobile” case combine
measurements with different sensor orientations.

To have further insight into how these results are dis-
tributed, Figure 10 shows that mobility, at least at the speed
used for testing, does not have a significant impact on sensor
measurements.

The results for the 𝑡-test analysis are shown in Table 2,
revealing that we cannot find a statistically relevant difference
between the static sensor (𝑥 = 27.39, 𝜎 = 0.85) and the
mobile sensor (𝑥 = 27.34, 𝜎 = 1.03), obtaining a 𝑝 value
= 0.25 with a 𝛼 = 0.05, neither for the facing forward
orientation (𝑥 = 24.41, 𝜎 = 1.04, 𝑝 value = 0.77) nor for the
facing backwards orientation (𝑥 = 27.44, 𝜎 = 1.02, 𝑝 value
= 0.38).

Figure 11 shows that the actual sensor orientation has little
impact on the data capture process, keeping the differences
between different orientations minimal. Anyway, the back-
wards orientation option shows greater resemblance with the
staticmeasurements andwas adopted for the tests that follow.

5.2. Impact of Time Sampling on Geostatistical Predictions.
In this section we analyze the impact of time sampling
on the predicted pollution map. In particular, we want to
determine if reducing the number of samples allows making
similar predictions or if, on the contrary, there is a significant
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Figure 11: Analysis of the variability of mobile sensing for different
sensor orientations.

Table 3: Statistical summary of the time sampling analysis.

Period Mean Std. Dev. Similarity (𝑠
𝑖
)

5 sec. 60.31251 1.140371 1
10 sec. 60.31928 1.158987 0.9734
20 sec. 60.37815 1.131514 0.9579
30 sec. 60.48890 1.118012 0.9411
40 sec. 60.36123 1.131782 0.9225
80 sec. 60.45629 1.126616 0.9181

prediction error when generating the pollution map. For this
purpose, we monitored the Technical University of Valencia
campus with a mobile ozone sensor installed on a bike.

To obtain an accurate distribution of ozone levels, we
monitored the entire campus by setting the sampling period
to the lowest value allowed by the sensor (5 seconds). Next,
we reduced the sampling frequency by setting the intersample
period to 10, 20, 30, 40, and 80 seconds.This was achieved by
filtering the full trace and retrieving datasets with 1/2, 1/4, 1/6,
1/8, and 1/16 of the data, respectively.

Next, we performed spatial interpolation through kriging
for each trace, obtaining a detailed pollution distribution.We
used the full trace (samples every 5 seconds) as reference
and compared it against the results obtained using the other
datasets.

Table 3 summarizes the statistical analysis for the different
datasets in terms of mean, standard deviation, and relative
prediction error, with the latter being calculated using the
initial trace (5 s sampling) as reference, as shown in

𝑠
𝑖
= 1 −

1

𝑚 ⋅ 𝑛

𝑚

∑

𝑥=0

𝑛

∑

𝑦=0












𝑘
𝑖
𝑥𝑦

− 𝑘
0
𝑥𝑦

Δ𝑘
0












. (8)

In this equation, 𝑠
𝑖
represents the similarity index of

dataset 𝑖 with respect to the reference dataset, 𝑚 and 𝑛
represent the width and length of the target area under
analysis, 𝑘

𝑖
𝑥𝑦

represents the value calculated through kriging
interpolation for dataset 𝑖 at position 𝑥𝑦, 𝑘

0
𝑥𝑦

represents
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Figure 12: Analysis of the output similarity with respect to reference
sampling period (5 s).

the value calculated through kriging interpolation for the
reference dataset at position 𝑥𝑦, and Δ𝑘

0
represents the total

variation of the predicted values for the reference dataset.
By analyzing Table 3 we can see that the mean and the

standard deviation values are nearly the same in all cases,
although the similarity index 𝑠

𝑖
varies more significantly.

This information is also shown in Figure 12 for the sake
of clarity. Notice that, although the distribution of values is
similar, the mean similarity shows an almost linear decrease.
Nevertheless, the similarity values are still relatively high
since the kriging interpolation process also acts as an error
filter, helping to approximate the mean value when lacking
enough reference values.

Detailed heat maps for some relevant traces (5 seconds,
20 seconds, and 80 seconds) are shown in Figure 13. By
taking a look at these heat maps, built through the kriging
interpolation process, we can clearly see that the level of
detail experiences a degradation. In particular we find that,
although the pollution maps for intersample times of 5 sec-
onds and 20 seconds are quite similar, significant differences
are observed when the sampling period grows to 80 seconds;
for the latter case, the ozone distribution achieved is quite
different from the one used as reference (5 seconds). Based
on these maps, it becomes quite clear that little differences
in terms of basic statistical analysis can represent huge
differences in terms of the spatial distribution of those values.

5.3. Impact of Spatial Sampling on Geostatistical Predictions.
In this section we analyze the impact of spatial sampling
on the predicted pollution map. In particular, we want to
determine to which degree taking a shorter, less exhaustive
path throughout the target area (reducing the trip time and
the number of samples accordingly) affects the accuracy of
the predictions made.

To find the optimal spatial sampling strategy we produce
different datasets by deleting path fragments from the initial
trace. In detail, starting from the full trace (100% of the data),
we deleted selected paths so as to produce shorter but yet
valid trips, maintaining start and end locations. As a result,
we obtained traces with 72%, 54%, 50%, 46%, and 42% of the
data.

Table 4: Statistical summary of the spatial sampling analysis.

Dataset size Mean Std. Dev. Similarity (𝑠
𝑖
)

100% 60.31251 1.140371 1
72% 60.49253 1.000335 0.9336
54% 60.62813 1.112316 0.9084
50% 60.66518 1.137273 0.8820
46% 60.66079 1.137295 0.8872
42% 60.51269 1.082692 0.8530

Similar to the previous section we perform, for each
dataset, a statistical analysis of the resulting data, also
obtaining the pollution heat map generated through kriging
interpolation and calculating the similarity index using (8).

Table 4 presents the statistical analysis results showing
the mean, the standard deviation, and the similarity, with the
latter being calculated using the initial dataset as reference.

Based on Table 4, we find that the mean value is close
to the reference one (60.31) in all cases, although being
in general slightly higher. This occurs because the first
eliminated path showed the lowest values.

Figure 14 shows the decreasing trend when spatial sam-
pling decreases. Compared to the time sampling results of
Figure 12, we find that now the similarity values degrade
much faster, meaning that reducing the route taken along the
target area is prone to eliminate relevant samples, resulting in
a less detailed pollution map.

Figure 15 shows detailed maps for datasets representing
100%, 72%, 50%, and 42% of the data. Based on these heat
maps, we can see clearly how spatial subsampling causes a
distortion on the spatial distribution of pollution throughout
the target area.

Overall, we can conclude that the spatial sampling gran-
ularity is the most relevant factor to take into account,
with time sampling granularity being less but yet somehow
important, and sensor orientation the factor having less
impact on results.

6. Validation of the Proposed Approach

As stated at the beginning of the paper, the current infras-
tructure elements allow measuring pollution levels in cities
with high accuracy, although with a low spatial resolution.
On the contrary, our proposed mobile sensing approach is
able to achieve a much higher spatial resolution using cheap
sensors. Thus, in this section, we validate our approach by
first comparing captured values with the range of values
typical of the time of year and then by comparing the ozone
maps generated when relying on either infrastructure-based
or mobile-based sensing.

We started by gathering data in different areas of Valencia
using the proposed mobile sensors. Different experiments
have been conducted at different times, allowing us to com-
pare the data captured with the data from the existing public
infrastructure. In particular, for each route taken, we first
reduced the data variability using the proposed low-pass filter
(see (2)). Next, the measurements were adjusted through (3).
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Figure 13: Heat maps for the ozone distribution using different sampling periods (5, 20, and 80 seconds).
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Figure 14: Analysis of the similarity with respect to the reference
trace (100% of the data used).

Finally, the temporal dependencies of data were reduced
according to (6).

Figure 16 shows data for a particular route and the
common values at the date of the capture (February 16, 2015).
We can see that the measured ozone levels are within the
range of historical values for the monitored time, being quite
close to the expected value (mean). This indicates that, using
our methodology, we are able to obtain reliable data despite
using low-cost sensors, allowing us to focus our analysis on
the spatial variations of pollutants.

We now proceed to compare the actual heat maps for a
specific date and time of day using only infrastructure data
and only data obtained by our sensor.We can see that, by rely-
ing on our proposed architecture (see Figure 18), it becomes
possible to observe in detail even small pollution variations,
while using only infrastructure-based data (see Figure 17) the
observed variations aremuch smoother, experiencing a linear
increase or decay from one air quality station to the other.

Overall, it becomes clear that, despite having up to 5
different stationary air quality stations in the city of Valencia,
they fail to capture significant details that are related to
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Figure 15: Heat maps for the ozone distribution using different fraction of the original trace (100%, 72%, and 42%).

areas with more traffic congestion (high pollution values) or
green/windy spaces (low pollution values), thereby leading to
some wrong conclusions. In contrast, our approach is able
to provide a greater richness since all small variations can
be perceived with great detail, thereby meeting the proposed
goal.

7. Conclusions and Future Work

Nowadays, environment pollution monitoring has become a
fundamental requirement for cities worldwide, and there are
many studies related to it. Nevertheless, only a few explore all
sides of this problem.

In this paper we proposed a complete architecture for
environmental monitoring that combines low-end sensors,
smartphones, and Cloud services to measure pollution levels
with a high spatial granularity. In detail, we used a mobile
sensor to provide pollution measurements, a smartphone

providing real-time feedback about air quality conditions and
also acting as a gateway by uploading gathered data to the
Cloud server, in addition to the Cloud server itself, required
for data processing and visualization.

Once the architecture was defined, we analyzed different
issues related to the monitoring process: (i) filtering captured
data to reduce the variability of consecutive measurements;
(ii) converting the sensor output to actual pollution levels;
(iii) reducing the temporal variations produced by themobile
sensing process; and (iv) applying interpolation techniques
for creating detailed pollution maps.

To address the challenges associated with taking mobile
measurements in a target area, we analyzed the influence
of the sensor orientation in the data capture process, as
well as the impact of time and spatial sampling. In partic-
ular, we varied the sampling period and the overall path
length to determine the most effective monitoring strategy.
Experimental results show that the sensor orientation and
the sampling period, within certain bounds, have very little
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Figure 16: Comparison between captured data and typical values for the day/time of the year.

60.0

62.0

64.0

66.0

68.0

70.0

72.0

O
3

Figure 17: Ozone levels in the target region using infrastructure
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influence on the data captured, while the actual path taken
has a greater impact on results, especially when estimating
the distribution of pollutants throughout the target area.

Finally, we validated our proposal by comparing values
obtained by our mobile sensor with typical values frommon-
itoring stations at the same dates and location. Furthermore,
we compared the resulting heat maps generated using data
from monitoring stations against ours, showing that using
ourmobile sensing approach is able to provide amuch higher
data granularity.

The next steps in this research include improving the
spatial interpolation process and comparing different sensor
types.
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Maximizing wireless sensor networks (WSNs) lifetime is a primary objective in the design of these networks. Intelligent energy
management models can assist designers to achieve this objective. These models aim to reduce the number of selected sensors to
report environmental measurements and, hence, achieve higher energy efficiency while maintaining the desired level of accuracy
in the reported measurement. In this paper, we present a comparative study of three intelligent models based on Naive Bayes,
Multilayer Perceptrons (MLP), and Support Vector Machine (SVM) classifiers. Simulation results show that Linear-SVM selects
sensors that produce higher energy efficiency compared to those selected by MLP and Naive Bayes for the same WSNs Lifetime
Extension Factor.

1. Introduction

A wireless sensor network (WSN) can be defined as a
networked collection of sensor nodes. These sensors are
small-scale devices with very limited resources. In a typical
sensor network, each node has tomonitor environmental and
physical conditions such as temperature, sound, humidity,
pressure, vibration, motion, and light. Depending on the
objective of the sensor network, sensors may cooperate to
carry out specific tasks. Also, the generated data is highly
correlated due to the nature of the monitored parameters and
due to the large number of deployed sensors. Therefore, it is
a waste of resources to report each individual sensor reading;
hence, energy-efficient protocols and network models, which
utilize information fusion, are extremely important [1].

AlTabbakh et al. [2] emphasized that an energy-efficient
management scheme has to be employed in order to extend
network lifetime. Sensor nodes waste a lot of their energy in
data communication. So, reducing the amount of unneces-
sary communication will help in minimizing energy waste
and extending network lifetime. Also, Khan et al. [3] pointed

out that designing an effective energy management scheme
for sensor networks, especially those deployed in remote
areas, is one of the main challenges facing WSNs. Noticeable
research efforts have addressed this issue by proposing
intelligent models based on machine learning [4]. For exam-
ple, Abu Alsheikh et al. [5] emphasized the advantage of
adopting machine learning algorithms in WSNs since they
assist in eliminating unneeded redesign issues. The authors
have also indicated that machine learning algorithms have
contributed to the development of practical solutions that
result in extending the network lifetime. In addition, several
reasons were given to stress the importance of adopting
machine learning algorithms in WSN environmental mon-
itoring applications. First, sensor nodes might not operate
as expected because of unexpected environmental behavior.
In such cases, machine learning algorithms can overcome
such problems by adjusting themselves to the newly obtained
knowledge. Second, due to the unpredictable environments
where WSNs are deployed, the resulting mathematical
models for the network might be very complex. Machine
learning algorithms can assist in developing attractive and
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less complex solutions. Third, sensor nodes generate large
amounts of correlated and redundant data. Machine learning
algorithms are powerful tools that can be used to study and
identify correlated data, making decisions, predictions, and
data classification [1, 6].

Algorithms such as Naive Bayes, Multilayer Perceptron
(MLP), and Support Vector Machine (SVM) are examples
of well-known algorithms that are also widely adopted and
investigated in the area ofmachine learning, neural networks,
and artificial intelligence. For starters, MLP can perform the
classification operation with significant success [7, 8]. On the
other hand, MLP neural network training is difficult due to
the complexity of its structure [7]. SVM is also considered
to be a very powerful algorithm in the field of data mining.
It has been successfully applied in a wide range of scientific
applications [9].

Despite the importance of machine learning algorithms
for WSN applications [5], little attention has been given
to provide comparison studies between these algorithms,
especially when it comes to energy management of WSNs.
In addition, little contributions have been made to specify
an appropriate intelligent energy management model for
these networks. To our knowledge, there is no previous
work that supports the use of a specific intelligent algorithm
compared to others forWSNs [10] except the one that we have
reported in our previous work [11]. In that work, we propose
an intelligent and efficient energy management model for
WSNs using MLP, instead of Naive Bayes. A comparative
study between MLP and Naive Bayes was provided in order
to evaluate their performance in terms of the percentages
of accurate classification. Simulation results showed that,
given the same Lifetime Extension Factor, MLP achieves a
significant improvement in selection accuracy compared to
Naive Bayes. However, MLP takes longer time to train the
network, due to its complexity and the update process in the
series of weights. Consequently, sensor nodes may consume
slightly more energy in the deployment phase.

In this work, we extend the work presented in [11] by
conducting a detailed and comprehensive comparative study
across three intelligent classification algorithms, namely,
Naive Bayes, MLP, and Linear-SVM. We chose to include
Linear-SVM in this work because it is fast and energy
efficient. Unlike MPL, Linear-SVM consumes less energy
during the learning process in the deployment phase [11].
Furthermore, both Gupta and Ramanathan [12] and Magno
et al. [13] highlighted that Linear-SVM is a classifier with
low complexity. Magno et al. [13] have also indicated that
Linear-SVM provides a good balance between the percent-
age of correctly classified data and the computational and
memory cost. In addition, Linear-SVM can be effectively
implemented within the microcontroller of the sensor node
[13, 14]. Sazonov and Fontana [14] presented two powerful
characteristics of SVM: high generalization and robustness.
Also, Bal et al. [15] deduced that SVM with linear kernel
is a promising algorithm in the field of machine learning.
Moreover, Yuan et al. [16] were able to conclude that SVM
classifier, especially with linear kernel, has the ability to
learn and build the required knowledge from fewer training

samples and still provides high classification accuracy, unlike
other classifiers such as MLP.

Ourmajor contributions in this work are as follows. First,
we have provided detailed state-of-the-art related energy
management in WSNs based on intelligent machine learning
models and algorithms. Second, we carried out a compre-
hensive comparison among three intelligent neural network
classifiers using three real labelled benchmark datasets.Third,
the performance of these three intelligent classifiers is exam-
ined using a confusion matrix. Finally, we have proposed an
intelligent model for efficient energy management in WSNs.
This model has been addressed not only at the classification
level, but also at the processing level, where we employed
the statistical ranking and selection methods. These two
methods, in addition to using Linear-SVM as an intelligent
classifier, are core elements in building the model. We have
also discussed the evaluation of this proposed model.

The rest of this paper is organised as follows. Section 2
reviews the state of the art in the area of energy man-
agement in WSNs based on intelligent models. Section 3
provides a background of the classification algorithms used
in this work, that is, Naive Bayes, MLP, and SVM. It also
presents an overview of the experimental datasets. The
main contribution of this paper is discussed in Section 4.
Simulation experiments and their setup are discussed in
Section 5. Section 6 discusses and summarizes simulation
results. Finally, Section 7 concludes the paper and highlights
future research directions.

2. Related Work

Several intelligent models have been proposed in order
to achieve better energy efficiency in WSNs. Thiemjarus
et al. [17] proposed a sensor selection technique that can
help determine the optimal number of sensor nodes in the
network. By doing this, the number of sensor nodes can
be reduced without degrading the decision process, and
the lifetime of the network can be increased. The Bayesian
approach was used for sensor selection, as this filter method
helps to find the optimal sensors in the network. In addition,
the Self-Organising Map (SOM) was used as a classifier. In
[18], the authors proposed a selection scheme for minimizing
the energy consumption of WSNs. In their scheme, sensors
were ranked from the most to the least significant, based on
the significance of their use in the WSNs. Then, the Naive
Bayes classification algorithm was used. This approach was
tested on three well-known real sensor datasets. The results
showed that more energy is consumed if more sensors are
used and, subsequently, the lifetime of the sensor network
is reduced. However, if the sensors are ranked, the lifetime
of the sensor network can be increased, as the selection
algorithm is used, followed by the intelligent classifier. This
is because the number of selected sensors that are used is
less. Similarly, [19] proposed a scheme to both minimize
the energy consumption and maximize the lifetime of the
sensor network. This is based on a feature/sensor selection
that minimizes the number of the used sensors. However, it
uses a different selection algorithm and 𝐾-Nearest Neighbor
(𝐾NN) classification algorithm.
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In [20], the clustering problem is viewed as a classification
problem such that clusters are built by using Least Squares
SVM (LS-SVM) with a hybrid kernel, which is a mixture of
polynomial and Radial Basis Function (RBF) kernels. Results
showed that the clustering process using LS-SVMwith hybrid
kernel had better results compared to LS-SVM with a single
kernel.This was obvious in the case where we had amulticlass
classification problem in the clustering problem. Also, Li et
al. [21] addressed the energy management in theWSNs at the
architecture level by using SVM classifier. A clustering-based
distributed Linear-SVM algorithm, called CDLSVM, was
developed, which differs from other parallel SVM algorithms
in its ability to obtain a global optimal classifier. The results
showed that the proposed algorithm is efficient for large-scale
WSN because it saves the information exchange and energy
consumption.

Forero et al. [22] addressed distributed classification
by developing algorithms in order to train SVM in an
environment that has distributed architecture and where the
communication between different nodes through a central-
ized processing unit is prohibited. The distributed modes
of operation showed that energy saving can be made. The
distributed fix partition SVM (DFP-SVM) and the weighted
distributed fix partition SVM (WDFP-SVM) are two energy-
efficient distributed learning algorithms for WSN that were
proposed based on SVM [23, 24]. The goal was to train an
SVM efficiently and in a distributed manner. Hence, better
classification results were achieved on the test data with
minimum energy cost, compared to traditional SVM.

More recently, more classification algorithms based on
SVM are being proposed. For example, Rajasegarar et al.
[25] addressed the problem of anomaly detection in WSNs
by proposing a Centered Hyperellipsoidal Support Vector
Machine (CE-SVM) and a distributed Quarter-Sphere Sup-
port Vector Machine (QS-SVM). A comparison study of CE-
SVM and QS-SVM was carried out by using four datasets
that corresponded to wireless sensor datasets. Four datasets,
namely, GDI, Ionosphere, Banana, and Synth, were used for
evaluation. In addition, three different kernel functions, that
is, RBF, polynomial, and linear, were considered. The results
showed that CESVM achieved better detection accuracy,
compared to QSSVM. Zhang et al. [26] proposed two dis-
tribution and online outlier detection techniques for WSNs,
and themain contribution of these techniques is to build real-
time intelligent classification techniques in order to identify
outliers in the normal behavior of sensor data in real time.The
proposed intelligent techniques are based on hyperellipsoid
one-class SVM. These two techniques are ellipsoidal SVM-
based online outlier detection (EOOD) and ellipsoidal SVM-
based adaptive outlier detection (EAOD). Both EOOD and
EAOD consider the correlation between sensor data features
in order to detect anomalies in a WSN. The simulation
results show that EAOD achieved better detection accuracy,
compared to EOOD.

Dutta and Terhorst [27] introduced an artificial intelli-
gence-based approach for multisensor fusion and integra-
tion. The researchers addressed the intelligent sensor fusion
system at the classification level to overcome the problem
of common sensor errors and faults. Particularly, intelligent

classification techniques for bulk soil moisture estimation
using cosmic ray sensor were introduced to achieve optimal
fault-tolerant estimates. In this study, four classifiers were
evaluated, namely, Adaptive Neuro-Fuzzy Inference System
(ANFIS), Probabilistic Neural Network (PNN), Radial Basis
Function (RBF) network, and Multilayer Perceptron (MLP)
network. Experiments were conducted over three datasets
and the results show thatANFIS gives the best performance in
terms of correct classification percentages compared to other
classifiers. Sazonov and Fontana [14] proposed a sensor sys-
tem and its related signal processing and pattern recognition
methodologies to detect periods of food intake. This study
was based on themonitoring and classification of jawmotion.
The researchers used the forward selection method to choose
the most relevant features, which represented sensor signals.
Also, the SVM was used as the classification algorithm for
chewing detection. In addition, the kernel activation function
used was linear (Linear-SVM). By using such intelligent
classifier, the researchers were able to achieve high averaged
accuracy, that is, 80.98%, for that application. Furthermore,
according to Karatzoglou et al. [28], the linear kernel is the
simplest of all the kernel functions for SVM. Ham et al. [29]
also indicated that Linear-SVM performs better than other
machine learning classifiers. A lot of attention has currently
been given to this classifier due to its high performance,
in terms of classification accuracy, compared with other
machine learning classifiers. Thus, this intelligent classifier
has been applied in various applications. Yun and Song [30]
proposed a moving human direction detecting system. The
system was based on Pyroelectric Infrared (PIR) sensors
and intelligence classification techniques. In this study, the
dataset was collected by capturing PIR sensor signals while a
person was walking. Extracting and selecting distinguishable
features from the dataset reduced its size and likewise the
memory cost. In addition, seven intelligent classification
algorithms, namely, Bayes Net, C4.5, decision table, 𝐾NN
algorithm, Naive Bayes,MLP, and SVM, were used. For SVM,
the Linear-SVM was used because its kernel demanded less
computation cost compared to other kernels. Experiments
which were conducted on the reduced feature sets showed
that Linear-SVM is the best classifier for such application.

3. Preliminaries

This section provides a brief background about the classifica-
tion algorithms used in this study, as well as about the datasets
for the experimental comparison.

3.1. Classification Algorithms. The classification algorithms
used in this research project are briefly described below.

3.1.1. Naive Bayes Classifier. Naive Bayes is a well-known type
of classifier that is based on the application of Bayes’ theorem
with strong independence assumptions. It is considered to
be a simple probabilistic classifier that computes conditional
class probabilities and then predicts the most probable class
[31]. In other words, it will assign a class for an object based
on the values of the descriptive attribute probability model.
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3.1.2. Multilayer Perceptron (MLP). MLP is composed of
a large number of highly interconnected neurons that are
working in parallel to solve a certain problem. It is organised
in layers with a feed-forward information flow. The main
architecture of an MLP network consists of signals that flow
sequentially through the different layers from the input to the
output layer. Between the input layer and the output layer
are intermediate layers. They are also called hidden layers
because they are not visible at the input or at the output. Each
unit is first used to calculate the difference between a vector
of weights and the vector given by the outputs of the previous
layer. To generate the input for the next layer, a transfer
function also called activation is applied to the result [32].
Bipolar sigmoid, unipolar sigmoid, and RBF are examples of
well-known and commonly used activation functions [33].

The main steps of the training phase in an MLP network
are as follows: first, given an input pattern 𝑋 of the dataset,
this pattern is forward-propagated to the output of the MLP
network and then compared with the desired output; second,
the error signal between the output of the network and the
desired response is back-propagated to the network; and
finally, adjustments are made on the synaptic weights [34].
This process is repeated for the next input vector until all the
training patterns are passed through the network.

3.1.3. Support Vector Machine (SVM). SVM splits the dataset
into two classes, which are separated by placing a linear
boundary between the normal and attack classes in such
a way that the margin is maximized. SVM works to find
the hyperplane that gives the maximum distance from the
hyperplane to the closest positive and negative samples [35,
36]. The basic structure of an SVM network is similar to that
of the ordinary RBF network, but instead of the exponential
activating function (usually Gaussian activation functions),
the kernel activating function is applied.The kernel activating
function can be a polynomial kernel, Gaussian radial basis
kernel, or two layer feed-forward neural network kernels.

3.2. Dataset. This section provides a brief description of the
three datasets used in this work.

3.2.1. Ionosphere. Ionosphere dataset is a radar dataset col-
lected in Goose Bay, Labrador. It has two classes for radar
signals, namely, Good and Bad. Good data are those showing
evidence of some type of structure in the Ionosphere. Bad
returns are those that do not let their signals pass through
the Ionosphere [18]. This dataset consists of 34 readings and
351 records.

3.2.2. Forest CoverType. Forest CoverType dataset has been
developed at the University of Colorado. It is designed to
predict the forest cover type of unknown regions. It is used
in several research papers on data stream classification. This
dataset contains 581, 012 instances and 54 attributes [18, 37]. It
is considered to be one of the largest datasets. In our research,
the number of records is reduced to 25000 because of limited
memory capacity.

3.2.3. Sensor Discrimination. This dataset consists of 12 dif-
ferent numerical values of samples of an unknown substance.
It is a labelled dataset that has three classes, namely, group
A, group B, and false alarm [38]. The receiver node, which
receives 12 numerical values for an unknown sample, is
designed to determine which class this sample belongs to.
In other words, the receiver should indicate whether this
unknown sample is in group A or group B. Conversely, it falls
under false alarm when the sample does not fall into either of
the first two groups. This dataset consists of 12 readings and
2211 records.

4. The Proposed System

In this work, an intelligent neural networkmodel for efficient
energy management in WSNs is presented with the use
of the classification algorithm. Our work adopts the same
selection sensor algorithm that was used in [18]. In this
study, we have used Ionosphere, Forest CoverType, and
Sensor Discrimination datasets to evaluate the performance
of the three intelligent algorithms in terms of classification
accuracy. In addition, for all conducted experiments, 30% of
the dataset is used for training data, and the remaining 70%
is used for testing.This allows us to present a fair comparison
among the three classifiers, namely, Naive Bayes, MLP, and
Linear-SVM, by fixing the shared and common parameters.
In addition, as in [18], the Lifetime Extension Factor is given
by

LTEF = Total number of sensors
Number of sensor used

. (1)

In [11], two important steps were carried out in order to
minimize the energy consumption and extend the lifetime
factor. These two steps are as follows: (1) the most dominant
sensor nodes in WSNs were selected after ranking them
based on the significance of use, from the most significant
to the least, and (2) Naive Bayes and MLP classification
algorithms were applied. It is important to emphasize that,
in our research work, an intelligent model for efficient
energy management in WSNs is introduced by means of
the classification algorithm by using SVM with linear kernel
which is a polynomial kernel with exponent 1. Our proposed
scheme operates in four stages, which are as follows:

(1) Preprocessing.
(2) Processing:

(a) Ranking:
(i) Calculate significance level of feature/sen-

sor.
(ii) Sort in a descending order.

(b) Selection.

(3) Machine learning.
(4) Performance evaluation.

Figure 1 shows the block diagram of the proposed system.
Under the dataset block, we have three datasets, namely,
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Figure 1: Block diagram of the proposed system.

Ionosphere, Forest CoverType, and Sensor Discrimination.
The preprocessing stage is needed to clean the input dataset
and put it in the proper format. In the processing block,
two functions are performed on the selected dataset. The
first is the Rank function that ranks the features/sensors
from the most significant to the least significant according to
their significance of use in the dataset which corresponds to
wireless sensor networks, as proposed in [18]. This function
includes two sequential processes, namely, the significance
level calculation process and the sorting process. Calculating
the significance level of feature/sensor is carried out using a
built-in procedure in MATLAB [39] called independent sig-
nificance features test. Weiss and Indurkhya [40] named this
procedure as independent significance features test (IndFeat).
This process is usually employed in the field of engineering
applications of artificial intelligence to identify and discard
weak features quickly. In other words, the number of inputs
needed to be considered in the selection process will be
significantly decreased. Thus, it can be used as a precursor to
the selection process. Moreover, it reduces the computational
time required for the final selection process. On the other
hand, the sorting process is used to sort the output of

the significance level calculation processes in a descending
order. The final output of Rank function is an array of
features/sensors sorted from the most significant to the least
significant. The role of the Rank function is to calculate the
significance levels of each feature/sensor. Then, it sorts them
in a descending order; that is, features or sensors will be
sorted from the most significant to the least significant.

Figure 2 shows an example of the output when calculating
the significant level process and sorting process on Sensor
Discrimination dataset. The figure clearly explains what
processeswill be performed sequentially in theRanking func-
tion. Thereafter, the Select function is used to select the first
𝑁 features/sensors. For example, if 𝑁 = 10, that means this
method returns the numbers of the first 10 features/sensors.
Similarly, if 𝑁 = 20, it returns the numbers of the first 20
features/sensors and so on. The fourth block is the machine
learning block, which runs the selected classifier Naive Bayes,
MLP, or Linear-SVM on the 𝑁 selected features/sensors.
In this block, two phases are performed; the first is the
training or learning phase which allows the intelligent system
to build the right knowledge base. The intelligent system
learns relationships/correlations existing in the constructed
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Table 1: Experimental parameters.

Parameter Value
% training 30%
% testing 70%
Learning rate for MLP 0.3
Number of epochs for MLP 500
Number of hidden layers for MLP 1
Number of hidden neurons for MLP (# selected sensors + # classes)/2
Kernel for SVM Linear kernel (polynomial kernel with exponent being 1)
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Figure 2: The output of Rank process on the Sensor Discrimination dataset.

training dataset. Simply, the training phase is considered as
adaptation process to the intelligent system to give the best
possible response in the testing phase. The testing phase is
used to test the proposed system using test datasets. The
output results of this phase show the performance of the
system and its effectiveness in terms of classification accuracy
and computational speed.

5. Experimental Work

Three different experiments were conducted on the three
datasets. In each experiment, we have adopted the same
algorithm in [18] for selecting and ranking dominant sensor
nodes. In addition, for all experiments, we have used 30% of
the dataset for training and the remaining 70% for testing.
Also, WEKA simulator v3.6 [41] is used in the classification
process. For the MLP and Linear-SVM algorithms, Table 1
lists the values of the important parameters such as learning
rate, number of epochs (number of passes through data),
number of hidden layers, number of hidden units in hidden
layers, and kernel type used in the SVM. All other parameters
were set to their default settings in WEKA.

5.1. Experiment 1. This experiment was conducted on Iono-
sphere dataset, which is a radar dataset collected from 34 dif-
ferent real sensor nodes. MATLAB was used to perform the
selection algorithmproposed in [18].This selection algorithm
(see Figure 3) ranked the sensors on the significance of their
use, from the most to the least significant.

Table 2 shows the results of this sensor ranking on the
Ionosphere dataset. The first row of the table shows the
number of the 10 most significant sensors. We also selected
this case in order to provide it with a NN structure (as in
Figure 3), since it is small in size.The numbers in the first row
of Table 2 are exactly the same as those in the NN structure

in Figure 3. Therefore, the inputs into the NN structure for
the selection of 10 in Figure 3 are S2, S3, S5, S7, S1, S9, S31,
S33, S29, and S21, which are exactly the same numbers as
the first row in Table 2. It is important to point out here
that there is one hidden layer in Figure 3 with six hidden
units.This is because if we apply the formula in Table 1, given
by (# selected sensors + # classes)/2, the number of selected
sensors is 10. It is also clear from the specification of the
Ionosphere dataset that the number of classes/outputs is 2.
Therefore, there are ⌊(10 + 2)/2⌋ = 6 hidden units.

If we consider the first and the second rows together, it is
clear which 20 sensors were the most significant. Consider
the best 20, for example. If we look at Table 2, it is clear
that the feature/sensor that had number 2 was the most
significant, while that which had number 6 was the least
significant. Similarly, the best selection of 30 features/sensors
was calculated by considering the first, second, and third
rows, with the feature/sensor that has number 2 being the
most significant and that with number 32 being the least
significant.

5.2. Experiment 2. This experiment was conducted on the
Forest CoverType dataset, which has been developed at the
University of Colorado. By examining the received data
from the sensors, the Forest CoverType of unknown regions,
which contains 581,012 records and 54 incoming values,
can be predicted. The same steps that were taken during
Experiment 1were also performed here (see Figure 4) and the
selection results are shown in Table 3.The first row of Table 3
represents the best selection of 10. The first and the second
rows represent the best selection of 20. The first, second,
and third rows represent the best selection of 30, and so
on. For example, for the case of the best 30 features/sensors,
feature/sensor number 15 was the most significant, while
that which had number 49 was the least significant. It is
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Table 2: Selection and ranking on Ionosphere dataset.

1 2 3 4 5 6 7 8 9 10
1 2 3 5 7 1 9 31 33 29 21
2 15 23 8 13 25 14 11 12 16 6
3 19 10 18 22 27 4 17 34 28 32

important to highlight here that the features/sensors were
ranked according to their significance of use in the Forest
CoverType dataset.

As in Experiment 1, the selection of 10 was chosen to
provide its NN structure, as shown in Figure 4. The inputs to
the NN structure for the selection of 10, as shown in Figure 4,
are S15, S19, S28, S29, S51, S1, S26, S36, S37, and S52, which are
exactly the same as the first row in Table 3. In this case, the
feature/sensor that has the number 15 is the most significant,
while that which has the number 52 is the least significant
one. It is clear from the specification of the Forest CoverType
dataset that the number of selected sensors was 10 and the
number of classes/outputs was 7. By applying the formula in
Table 1, we get ⌊(10+7)/2⌋ = 8.Thismeans there are 8 hidden
units in the hidden layer between the input layer and output
layer, which is exactly the same (as indicated in Figure 4) and

Table 3: Selection and ranking on Forest CoverType dataset.

1 2 3 4 5 6 7 8 9 10
1 15 19 28 29 51 1 26 36 37 52
2 24 53 12 25 27 54 44 14 18 43
3 10 6 32 8 40 17 48 38 20 49
4 16 35 42 7 33 5 23 3 13 31
5 30 4 45 2 11 21 41 9 39 22

shows the NN structure for the selection of 10 on the Forest
CoverType dataset.

5.3. Experiment 3. This experiment was conducted on the
SensorDiscrimination dataset, which consisted of 12 readings
and 2,213 records. The receiver node should be able to
determine the unknown sample and indicate which class the
unknown sample belongs to.The full recordswere used in this
researchwork. As in Experiments 1 and 2,MATLABwas used
to run the selection algorithm (see Figure 5). Table 4 shows
the best selection of 3, 6, and 9, respectively. In other words,
the first row shows the best selection of 3.The first and second
rows provide the best selection of 6. Finally, the first, second,
and third rows show the best selection of 9. For example, the
features/sensors were ranked as follows for the selection of 6:
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Figure 5: Experiment 3, NN structure for the selection of 3.

Table 4: Selection and ranking on Sensor Discrimination dataset.

1 2 3
1 2 3 1
2 11 4 6
3 10 9 5

S2, S3, S1, S11, S4, and S6, according to the significance of their
use in this sensor dataset.

The NN structure for the selection of 3, as performed
in Experiments 1 and 2, is provided in Figure 5. This figure
shows the inputs to NN, which are S2, S3, and S1. These are
exactly in the same row as in Table 4. Since the number of
selections was 3 and the number of classes/outputs was 3, as
indicated in the specifications for the Sensor Discrimination
dataset, the number of hidden units in the hidden layer was
(3+3)/2 = 3, which is exactly the same, as shown in Figure 5.

It is important to point out that Tables 2, 3, and 4 show
the results of the sensor ranking approach that is proposed in
[8], which ranks the features/sensors in decreasing order with
respect to their significance of use in the Ionosphere, Forest
CoverType, and Sensor Discrimination datasets, respectively.
These public datasets correspond towireless sensor networks.

6. Discussion of Results

The performance of the three intelligent classification algo-
rithms is measured by using the confusion matrix [30, 42].
This matrix gives visualization of how the classifier has per-
formed on the input dataset. Different performance metrics,
such as accuracy, recall, and specificity, can be derived from
this matrix. Table 5 shows the structure of the confusion
matrix. There are four possible cases/outcomes, which are
false positive (FP), true positive (TP), false negative (FN), and
true negative (TN) [42, 43], where

(1) FP happens when actual class of test sample is nega-
tive and is classified incorrectly as positive;

(2) TN happens when actual class of test sample is
negative and is classified correctly as negative;

(3) FN happens when actual class of test sample is
positive and is classified incorrectly as negative;

(4) TPhappenswhen actual class of test sample is positive
and is classified correctly as positive.

We used the accuracy as the performancemetric in this study
to evaluate these algorithms. Accuracy represents the overall

Table 5: Confusion matrix.

Predicted class
Positive Negative

Actual class Positive TP FP
Negative FN TN

correctness of the intelligent classification of a dataset and it
is given by

Accuracy = (TN + TP)
(TN + TP + FP + FN)

. (2)

For example, Tables 6, 7, and 8 show the confusion
matrixes forNaive Bayes,MLP, andLinear-SVM, respectively,
over the Ionosphere dataset with a selection of 10.They reveal
how many instances are assigned to each class. The number
of correctly classified samples is represented by the sum of
the diagonals. For example, the total number of correctly
classified samples for Naive Bayes is 187, that is, the sum of 123
and 64. The accuracy in this case is 187/246 ∗ 100 = 76.02%,
where the total number of instances in the testing dataset is
246. However, the accuracy is 84.14% and 85.36% for MLP
and Linear-SVM, respectively.The same procedure is applied
to the remaining dataset with a different selection over the
three classifiers.

Figure 6 shows the overall results of Experiment 1, which
was conducted on the Ionosphere dataset. It shows that both
Linear-SVM and MLP give better results for all three of the
selection cases, that is, the selection of 10, 20, and 30 sensors
compared to Naive Bayes, in terms of accuracy over the same
Lifetime Extension Factor. For example, when 10 sensors
out of 34 were selected, the Lifetime Extension Factor was
10/34 = 3.4 (see Figure 10) and the accuracy was 85.4% and
84.1%, using Linear-SVM and MLP, respectively. However,
using Naive Bayes resulted in there being 76% accuracy for
the same Lifetime Extension Factor. Moreover, it can be seen
that Linear-SVM achieves the best result in the first and
second selection, especially in the case of selecting 20. When
it comes to Linear-SVM, this powerful classifier maintains
its high performance in the first and second selection. Even
when 30 were selected, there was a slight drop of around 2%,
which is negligible.

For MLP, it can be noted that the accuracy of MLP does
not increase significantly, despite the growth in the number
of selected sensors. For example, in the case of selecting
30 sensor nodes, MLP achieved 84.9% accuracy, which is
a negligible 0.8% improvement on selecting 10. There was
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Figure 6: Selection accuracy of Experiment 1.

Table 6: Confusionmatrix ofNaive Bayes for the Ionosphere dataset
with selection of 10.

Predicted class
Good (g) Bad (b)

Actual class Good (g) 123 37
Bad (b) 22 64

Table 7: Confusion matrix of MLP for the Ionosphere dataset with
selection of 10.

Predicted class
Good (g) Bad (b)

Actual class Good (g) 148 12
Bad (b) 27 59

Table 8: Confusion matrix of SVM for the Ionosphere dataset with
selection of 10.

Predicted class
Good (g) Bad (b)

Actual class Good (g) 152 8
Bad (b) 28 58

also a drop in accuracy for MLP when 20 sensor nodes
were selected, compared to 10. There was a slight drop in
accuracy forMLP and Linear-SVMwhen selecting 20 and 30,
respectively. Apparently, this was because the training dataset
was not large enough to build the right knowledge base for
these two classifiers. In other words, the result obtained could
be explained by taking into account the number of training
samples used, so that the capabilities of bothMLP and Linear-
SVM are not completely utilized. This point can be verified
by conducting multiple test runs for different percentages
of the training data, as is illustrated in Figure 7. In this
figure, we were able to show that the accuracy increases with
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Figure 7: Percentages of the training data versus the accuracies for
Experiment 1.

the number of training samples; that is, when the number
of training samples grows, the classification accuracy will
increase. This issue is also confirmed and corroborated by
Sakar et al. [44], Fernandez-Rodriguez et al. [45], and Murty
and Devi [46].

It is important to note here that if percentages of the
training data increase, both computational complexity and
the training time will increase as well. Therefore, 30% of the
dataset is used for training in order to have good balance
between the percentage of correctly classified data and the
computational and memory cost of WSN applications. For
Experiment 1, it can therefore be concluded that the selection
of the 10 nodes with Linear-SVM as an intelligent classifier is
the best choice, as it results in a higher Lifetime Extension
Factor. Hence, it is more energy efficient. Even though MLP
andLinear-SVMwere closer to each otherwhen it came to the
accuracy levels, Linear-SVMwas selected as the best classifier,
instead of MLP in particular, because it took significantly
less time, on average, to build the classifier model on the full
training set for Linear-SVM than it did for MLP.

Experiment 2, on the other hand, was performed on
the Forest CoverType dataset. Simulation results showed
that MLP produces better accuracy over the same Lifetime
Extension Factor, compared to Naive Bayes and Linear-SVM,
when 20, 30, 40, and 50 were selected. In these four cases,
the accuracy of Naive Bayes and Linear-SVM was almost at
the same level, at around 70%. However, MLP achieved 68%,
76.7%, 77.7%, and 78.5%, respectively, in the four selection
cases (see Figure 8). Despite this improvement inMLP, Naive
Bayes behaved slightly better when 10 sensor nodes were
selected. Its accuracy was higher by 3%, compared to MLP.
It is important to say that the difference in accuracy levels
between MLP and Linear-SVM was around 5.5% on average.
This cannot be considered as a huge, significant improvement
if we take into account the fact that MLP had the highest
running time in building the classifier model in all of the
selection cases. The selection of 30, with Linear-SVM as a
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Figure 8: Selection accuracy of Experiment 2.

classifier, is therefore the best selection, if we consider both
the accuracy and saving in computational time that was
taken.

Experiment 3 was conducted on the Sensor Discrimi-
nation dataset and the results are shown in Figure 9. Both
the MLP and Linear-SVM algorithms have better results
compared to Naive Bayes for the three selection cases, which
was the selection of 3, 6, and 9 sensors. MLP achieved
accuracy levels of 76%, 95.9%, and 97.2% for these selection
cases, respectively. For Linear-SVM, it is 73%, 91%, and 93%,
respectively. Naive Bayes, however, has around 73% accuracy
on average for all of the cases. Therefore, even though MLP
is slightly better than Linear-SVM for this dataset, the best
selection scenario is the selection of 6 sensor nodes with
Linear-SVM as a classifier. This is because Linear-SVM was
faster thanMLP in building the model out of the full training
set. In addition, there was a selection of 6 results in a Lifetime
Extension Factor of 2 (see Figure 10).

It is worth mentioning that, despite its high accuracy,
MLP takesmore time to train the network compared toNaive
Bayes and Linear-SVM as shown in Tables 9, 10, and 11. For
example, the longest training time for Experiment 1 occurred
when 30 features/sensors were selected (see Table 9). In
this case, MLP increased the time by a factor of 206 and
30 compared to Naive Bayes and Linear-SVM, respectively.
MLP was even worse compared to Naive Bayes, as shown
in Table 10. This was due to its complexity and the update
process of the series of weights. Furthermore, as the number
of selected nodes increased, so did the size of the inputs to the
model.

All of the above simulation times are based on our
experiments which were carried out on a PC with Intel Atom
CPU (N450) @ 1.66GHz and 2.00GB of RAM running 32-
bit Windows 8 Enterprise Edition. Therefore, such models
are very applicable in sensor networks with an end system

Ac
cu

ra
cy

 (%
)

Accuracy % for Experiment3
100

90

80

70

60

50

40

30

20

10

0

Number of selections
3 6 9

MLP
SVM

Naive Bayes

Figure 9: Selection accuracy of Experiment 3.

5.5
Li

fe
tim

e E
xt

en
sio

n 
Fa

ct
or

6

5

4.5

4

3.5

3

2.5

2

1.5

Experiment 2
Experiment 1

Experiment 3

Lifetime Extension Factor of all experiments

1

Number of selections
3 6 9 10 20 30

Figure 10: Lifetime Extension Factor of all experiments.

that can perform the training process in a reasonable time.
However, if the training process is executed by normal sensor
nodes, even the powerful ones, then we expect a considerable
amount of energy consumption and delays, especially in the
case of MLP. In this case, we believe that SVM is a viable
choice.This is because it is characterized by fast training times
and high scalability compared to MLP. In addition, it has
better accuracy compared to Naive Bayes.

7. Conclusions and Future Work

This paper presents an intelligent model for efficient energy
management in WSNs. It provides a comparative study
among Naive Bayes, MLP, and Linear-SVM. The aim is
to determine the most appropriate intelligent classification
model for efficient energy management in WSNs. In order
to evaluate the performance of the three classifiers, differ-
ent experiments were conducted on three benchmarking
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Table 9: Average time taken, in seconds, to build the models in
Experiment 1.

Number of
selections Naive Bayes MLP SVM

10 0.12 7.16 1.03
20 0.14 18.39 1.13
30 0.17 35.08 1.17

Table 10: Average time taken, in seconds, to build the models in
Experiment 2.

Number of
selections Naive Bayes MLP SVM

10 1.49 820.13 64.27
20 2.45 1746.78 405.77
30 5.36 3546.74 703.71

Table 11: Average time taken, in seconds, to build the models in
Experiment 3.

Number of
selections Naive Bayes MLP SVM

3 0.14 16.24 2.05
6 0.17 29.51 2.11
9 0.59 45.22 2.29

datasets, namely, Ionosphere, Forest CoverType, and Sensor
Discrimination.These datasets correspond to differentWSNs
that are used in various types of applications.

Simulation results on both Ionosphere and Sensor Dis-
crimination datasets show that, given the same Lifetime
Extension Factor, Linear-SVM and MLP algorithms achieve
a significant improvement in selection accuracy compared
to Naive Bayes. On the Forest CoverType dataset, MLP has
the best accuracy, on average, compared to all classifiers.
However, MLP takes the longest running time in building
the classifier model. Overall results suggest that Linear-SVM
is the best classifier that can be used as an intelligent clas-
sification model for efficient energy management in WSNs.
This is because the average time it takes to train the classifier
model over the full training set is significantly shorter than
that of MLP while keeping the accuracy level closer to what
is achievable by MLP or even better.

For future work, we intend to evaluate the performance
of SVM under other benchmarking datasets. Moreover, a
performance comparison of SVMwith different kernels, such
as Gaussian or sigmoid kernels, will be conducted.
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February 2006.

[24] K. Flouri, B. Beferull-Lozano, and T. Tsakalides, “Distributed
consensus algorithms for SVM training in wireless sensor
networks,” in Proceedings of the 16th European Signal Processing
Conference (EUSIPCO ’08), Lausanne, Switzerland, 2008.

[25] S. Rajasegarar, C. Leckie, J. C. Bezdek, and M. Palaniswami,
“Centered hyperspherical and hyperellipsoidal one-class sup-
port vector machines for anomaly detection in sensor net-
works,” IEEE Transactions on Information Forensics and Secu-
rity, vol. 5, no. 3, pp. 518–533, 2010.

[26] Y. Zhang, N.Meratnia, and P. J.M.Havinga, “Distributed online
outlier detection in wireless sensor networks using ellipsoidal
support vector machine,” Ad Hoc Networks, vol. 11, no. 3, pp.
1062–1074, 2013.

[27] R. Dutta and A. Terhorst, “Adaptive neuro-fuzzy inference
system-based remote bulk soil moisture estimation: using
CosmOz cosmic ray sensor,” IEEE Sensors Journal, vol. 13, no.
6, pp. 2374–2381, 2013.

[28] A. Karatzoglou, D. Meyer, and K. Hornik, “Support vector
machines in R,” Journal of Statistical Software, vol. 15, no. 9, pp.
1–32, 2006.

[29] H.-S. Ham, H.-H. Kim, M.-S. Kim, and M.-J. Choi, “Linear
SVM-based android malware detection for reliable IoT ser-
vices,” Journal of Applied Mathematics, vol. 2014, Article ID
594501, 10 pages, 2014.

[30] J. Yun andM.-H. Song, “Detecting direction ofmovement using
pyroelectric infrared sensors,” IEEE Sensors Journal, vol. 14, no.
5, pp. 1482–1489, 2014.

[31] Y. Guo, G. Bai, and Y. Hu, “Using bayes network for prediction
of type-2 diabetes,” in Proceedings of the 7th International
Conference for Internet Technology and Secured Transactions
(ICITST ’12), pp. 471–476, London, UK, December 2012.

[32] R. Battiti, M. Brunato, and F. Mascia, Reactive Search and Intel-
ligent Optimization, Operations Research/Computer Science
Interfaces, Springer, 2008.

[33] B. Karlik and A. VehbiOlgac, “Performance analysis of various
activation functions in generalizedMLP architectures of neural
networks,” International Journal of Artificial Intelligence and
Expert Systems, vol. 1, no. 4, pp. 111–122, 2011.

[34] H. Bouzgou andN. Benoudjit, “Multiple architecture system for
wind speed prediction,” Applied Energy, vol. 88, no. 7, pp. 2463–
2471, 2011.

[35] K. P. Bennett and C. Campbell, “Support vector machines: hype
or hallelujah?” ACM SIGKDD Explorations Newsletter, vol. 2,
no. 2, pp. 1–13, 2000.

[36] V. Vapnik, The Natural of Statistical Learning Theory, Springer,
New York, NY, USA, 1995.

[37] M. Alwadi and G. Chetty, “A novel feature selection scheme
for energy efficient wireless sensor networks,” in Algorithms
and Architectures for Parallel Processing: 12th International
Conference, ICA3PP 2012, Fukuoka, Japan, September 4–7, 2012,
Proceedings, Part II, vol. 7440 of Lecture Notes in Computer
Science, pp. 264–273, Springer, Berlin, Germany, 2012.

[38] http://www.technologyforge.net/Datasets/.
[39] MathWorks, MATLAB and Statistics Toolbox Release 2012b,

MathWorks, Natick, Mass, USA, 2012.
[40] S. H. Weiss and N. Indurkhya, Predictive Data Mining: A

Practical Guide, Morgan Kaufmann Publishers, San Francisco,
Calif, USA, 1998.

[41] http://www.cs.waikato.ac.nz/ml/weka/.
[42] A. Ahmim and N. Ghoualmi-Zine, “A new fast and high

performance intrusion detection system,” International Journal
of Security and Its Applications, vol. 7, no. 5, pp. 67–80, 2013.

[43] A. K. Santra and C. Josephine Christy, “Genetic algorithm
and confusion matrix for document clustering,” International
Journal of Computer Science Issues, vol. 9, no. 1, pp. 322–328,
2012.

[44] C.O. Sakar,O.Kursun, and F.Gurgen, “Feature extraction based
on discriminative alternating regression,” inXIIIMediterranean
Conference on Medical and Biological Engineering and Comput-
ing 2013, pp. 730–733, Springer, 2014.

[45] J. J. Fernandez-Rodriguez, A. Cañas, E. Roca, F. J. Pelayo, J.
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A wildland fire is an uncontrolled fire that occurs mainly in forest areas, although it can also invade urban or agricultural areas.
Among themain causes ofwildfires, human factors, either intentional or accidental, are themost usual ones.Thenumber and impact
of forest fires are expected to grow as a consequence of the global warming. In order to fight against these disasters, it is necessary
to adopt a comprehensive, multifaceted approach that enables a continuous situational awareness and instant responsiveness. This
paper describes a hierarchical wireless sensor network aimed at early fire detection in risky areas, integrated with the fire fighting
command centres, geographical information systems, and fire simulators.This configuration has been successfully tested in two fire
simulations involving all the key players in fire fighting operations: fire brigades, communication systems, and aerial, coordination,
and land means.

1. Introduction

Forest fires are a recurrent phenomenon, natural or man-
made, in many parts of the world. Vulnerable areas are
mainly located in temperate climates where pluviometry is
high enough to enable a significant level of vegetation, but
summers are very hot and dry, creating a dangerous fuel
load. Global warming will contribute to increase the number
and importance of these disasters. Every season, not only are
thousands of forest hectares destroyed by wildland fires, but
also assets, properties, and public resources and facilities are
destroyed. Moreover, firefighter and civilians are at risk, with
a terrible toll in human lives each year.

Although progress has been made in the field of wildfire
fighting in the last decades, there is still a need to strengthen
the disaster response capacity, including early warning sys-
tems and improvements in real time exchange of data at all
stages and levels of a forestmonitoring scheme. Technological

breakthroughs will be a key force driving change in wildland
fire fighting. Recent developments in information and com-
munication technologies are already having a huge impact,
specially forest fire detection systems [1].

There are systems based on satellite imagery [2], but they
are not used in real time applications due to their long scan-
ning cycle [3], poor resolution, and cost. Other systems based
on short range images have been proposed, using either opti-
cal, infrared, or thermal images. However, these approaches
are very outlier sensitive: direct and strong sunlight, insuffi-
cient light, or smoke. They are also very false alarm prone.
Radio acoustic sounding has also been proposed as a way to
infer the meteorological flow or temperature profiles in forest
areas [4]. Nevertheless, it lacks resolution, it is expensive
(radars and acoustics sources required), and it is susceptible
to interferences, such as wind direction changes.

Other recent works describe detection systems based on
distributed wireless sensor networks (WSNs). In [5], a WSN
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Figure 1: General structure of the approach proposed. Sensor nodes capture data from the environment that are uploaded to the central
nodes, which transfer all the information to the system middleware.

based on cameras, fire detectors, and 802.11g access points is
described. This approach is aimed at detecting and verifying
fires in rural and forest environments, and it sends alarms
to a central server. The work in [3] proposes a WSN based
on ZigBee, GPRS, and Ethernet communication modules.
Ganesh et al. [6] describe a forest fire detection system based
onWSN and on solar energy harvesting modules. It applies a
node hopping scheme to reach the data server.

Our approach is also based on the WSN paradigm
but has been designed and developed in the context of a
research project that included all the key actors in forest
fire fighting operations: engine, hand, and helitack crews,
satellite operators, forest services agencies, information and
communication technologies providers, management orga-
nizations (wildland fire management, fire operations, fuel
management, and aviation management), authorities, avi-
ation services, airtankers, weather services agencies, and
burned area rehabilitators. This unique research ecosystem
has provided our solution with a holistic perspective that
results in a set of distinguishing features:

(i) no need for a preinstalled communications network:
most schemes need to have GSM coverage or Wi-
Fi to work. This approach assumes that there is no
communication network available at the monitoring
zone and creates its own network;

(ii) time synchronization: all measurements taken must
have a time-stamp, but some wireless nodes have
no way to get the current time by themselves. The
network is able to get the current time from the GPS
module and correct time deviations;

(iii) dual functionality, that is, environment monitoring
and fire early detection: deployment of networks can
be costly for the only purpose of fire detection. Even
at high risk areas, the probability of fire may be very

low, and a WSN can be underexploited and become
a waste of resources. Environment monitoring con-
tributes to optimize the usage of the network;

(iv) not being based on cameras/images: video or image
acquisition and transmission are very demanding in
terms of bandwidth and power consumption. This
approach is very suitable for ground based monitor-
ing stations, but not for general “deploy and forget”
approaches;

(v) integration with the operation centre: the network
proposed includes a middleware layer to share data
with command centres and other wildland fire fight-
ing units. This enables a full picture of the emergency
in real time.

The general structure of our approach is depicted in
Figure 1. The node structure is composed of 2 levels, central
nodes, devoted mainly to short and long range communica-
tions and control purposes, and sensor nodes, used to collect
data from the area under monitoring and send them to the
central nodes. All node types can include environment and
meteorological sensors.

2. Materials and Methods

The main design and functional requirements of the WSN
were

(i) contribution to the forest fire fighting strategy, pro-
viding critical data to improve their safety and effi-
ciency;

(ii) providing of valuable forest and climate parameters
input to the fire propagation models. This included
temperature, humidity, rainfall, wind, smoke, and
solar radiation;
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(iii) early detection of forest fires, alarm management,
and real time reporting about the fire evolution.
They provide alarms by integrating information from
several nodes;

(iv) following of a “deploy and forget” policy. Nodes will
not need any kind of maintenance or battery recharg-
ing. Energy harvesting techniques and an optimized
low power consumption will ensure uninterrupted
functioning.

Fire risk is computed according to the Fire Weather
Index (FWI) System. This system was developed by the
Canadian Forest Service (CFS), which is based on several
decades of forestry research. The FWI System estimates the
moisture content of three different fuel classes using weather
observations.The fuel class which is of our interest is the Fine
Fuel Moisture Code (FFMC). This code is used to indicate
ease of ignition and it is computed with the temperature,
relative humidity, wind, and rain. Figure 2 represents the
sensitivity of the FWI to temperature.

Other requirements corresponded to standardWSN tech-
nical specifications: sensors and nodes had to be inexpensive,
small, and energy efficient. They had to be deployed and
configured easily and respect the natural environment. The
network algorithms and protocols were based on procedures
that enabled self-organization, reconfiguration, and dynamic
adaptation.

In order to successfully address these requirements, we
adopted a standard wireless sensor network approach using
two levels for the nodes, central nodes and sensor nodes, and
some optimization techniques to minimize power require-
ments. During network deployment, each sensor would
record its geolocalisation based on GPS information. In
addition, RSSI data was also collected and processed for self-
awareness network arrangement. This RSSI information can
be complementary to the absolute GPS position or can be
the only data available in terms of geographical information.
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Figure 3: AC4868-250M conducted output power versus current
drawn. The current is set by suitable EEPROM configuration (𝑥
points).

The nodes can also be deployed in vehicles. This provides
additional functionality; since power requirements will be
less demanding for such nodes, long range communications
will be easier, and the network is equippedwith somemobility
degree.

2.1. Central Nodes (CNs). The CNs have more powerful
communication and computation capabilities than the sensor
nodes. Their main role is to gather and cluster data from
the node sensors, manage alarms and commands, and build
the core network. They can optionally also include sensing
capabilities.

The processing unit is based on a PIC24FJ256GB110.
This is a powerful microcontroller that fulfills the technical
requirements of the WSN in terms of memory, input/output
ports, and communication interfaces. The internal voltage
was set as 2.5 V. The CPU includes an internal regulator that
converts the battery voltage into 3.3 V. The CPU uses two
external oscillators. One provides the required 8MHz clock
for the system, and the second one generates the real time
clock. Power is supplied by rechargeable batteries connected
to small solar panels for energy harvesting.

Each CNwill account for an area of a risk map previously
defined for the interest zone. The network area covered by
a CN can be updated dynamically. A subset of the CN will
directly be linked to the Control Centre or command centre,
defined as the main central nodes.

Their communication range will span several kilometers
to guarantee a reliable service by means of ISM commu-
nication. The ISM transceiver module is the AC4868-250
from Laird Technologies. It operates under European ETSI
regulations for the 868–870MHz band and the network
topology may be a point-to-point, point-to-multipoint, or
peer-to-peer architecture. The maximum allowed output
power is 250mWand it may reach up to 15 km in line of sight.
Since in most real applications nodes will not be separated
that much, the output power may be set as low as desired
to save power consumption. Figure 3 shows the relationship
between the conducted output power and the current drawn.
The radiated output power is achieved with the addition of a
2 dBi antenna.

They also include a GSM/GPRS module just in case
there is a cellular data link available in the area, although
some forest areas are not covered by this service. A ZigBee
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Figure 4: Image of an actual CN deployed in a forest area, including the solar panel used for energy harvesting.

module is used to communicate with the sensor nodes, and
a geolocalisation module can be included to account for the
exact position of the CNs. These nodes will also have the
capability of playing the role of a Control Centre, by direct
connection to a computer or a graphic visualisation system.

The CNs have three operational modes:
(i) Trunk Link Search Mode (TLSM): this mode is

employed by new central nodes to be included in the
network dynamically;

(ii) Test/Reset Mode (TRM): this is an internal test mode
to check the node status. It can be entered periodically
or by means of a command from the Control Centre;

(iii) Operative Mode (OPM): this is the normal operation
mode. All the data from the sensor nodes are collected
and processed; there is a permanent link with the
Control Centre, and the commands are managed and
dispatched.

These nodes are deployed in areas populated by a suitable
number of sensor nodes in order to provide them with
the communications and management services required. An
example of a real implementation and deployment of a CN is
depicted in Figure 4. In real applications, it is convenient to
deploy the central nodes a short distance away from themon-
itoring area and to place them in an elevated location. This
improves energy harvesting, long range communications and
avoids vandalism.

2.2. Sensor Nodes (SNs). The SN network is in charge of
monitoring the environmental and weather variables related
to forest fires’ onset risk and propagation and to provide early
alarms based on these parameters. In particular, SNmonitors
the air temperature, its relative humidity, wind speed and
direction, and CO and CO

2
levels. The SN network is

composed of several end nodes with the usual characteristics
of wireless sensor networks devices:

(i) processing unit: it consists of a small ultralow power
microcontroller from the Texas Instruments MSP430
family. It is specifically designed for energy efficient
applications, which is themain reason for its inclusion
in this approach;

(ii) communications system: it is featured by a radio
transceiver and its corresponding radio frequency
stage. In particular, the transceiver model is the
CC1101 part, also from Texas Instruments. The field
network operates on the 433MHz radio region, an
unlicensed ISM frequency band.The reason for work-
ing on this specific frequency region has to do with
its high transmission range and the fact that it is
relatively unused in forest environments;

(iii) sensing module: it is composed of several monitoring
devices. Every end node has a relative humidity
and temperature integrated sensor, SHT75 from Sen-
sirion. It can record the air temperature with an accu-
racy of±0.3 and its relative humiditywith amaximum
error of ±1.8%. It also includes gas/smoke sensors.
In addition, some special nodes have an attached
pole, with an anemometer and a vane for measuring
wind speed and direction and a precipitation sensor.
The design and structure of the SNs enable their
customisation for any other sensing need.

The dimensions of the SNs are approximately 10 × 5 ×
2 cm. They are powered from a small lithium coin battery
with a capacity of 600mAh. The communication protocols
and power savingmodes were optimized to guarantee at least
2 years of uninterrupted functioning. An example of a SN
deployment is shown in Figure 5.

The SNs can be in different functioning modes, depend-
ing on the occurrence of a predefined event.They can only be
in a single mode, and not all the nodes can be in any mode,
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Figure 5: Image of a sensor node located at the boundaries of an area of interest, including an anemometer.

since it depends on the configuration and external conditions
of each node. The main modes for the SNs are

(i) Link SearchMode (LSM): this mode enables the con-
nection to other nodes becoming a node of the entire
network;

(ii) Test/Reset Mode (TRM): this is a self-test mode to
report about the node status to higher level nodes;

(iii) Automatic Monitoring Mode (AMM): this is the
usual working mode when there is no alarm. Data
are collected periodically and sent to the central
nodes, using an optimized algorithm to minimize
network traffic, memory requirements, and power
consumption;

(iv) Fire Alarm Mode (FAM): this mode is reached if the
node itself detects a fire and receives an alarm from a
central node or an alarm from another node due to an
alarm propagation;

(v) Underrequest Monitoring Mode (UMM): a central
node can send a request to a sensor node to collect
environment data immediately;

(vi) Data Dump Mode (DDM): this mode is devoted to
collect a set of data previously stored at the node
memory.

2.3. Sensor Network. Although all SNs have the same hard-
ware, they can have different functionalities and roles in the
field network. The field network has a tree structure, with
a variable number of tiers. There are three different types
of nodes according to their role in the network and their
functionality. Type A nodes are the ones at the top of the tree,
directly connected to a CN through a serial cable. They also
provide a radio interface to communicate with the rest of the
field network. Type B nodes only have a radio interface to
communicate. Apart from taking their own measurements,

they are able to reroute information packets in both directions
of the network, from bottom to top and from top to bottom.
Lastly, type C nodes are plain sensor nodes without routing
capabilities that send their measures to the nearest router
node. This SN network structure is shown in Figure 6.

The process of setting up the field network is automatic.
End nodes can be deployed and turned on without having
to follow any specific sequence. All the nodes carry out an
autodiscovery protocol when they are first started. When
completed, this discovery protocol results in the formation of
the tree structure, in which every node has a “routing parent”
and a link to its corresponding CN.

All the nodes in the network take part in a keep-alive
scheme, in order to detect broken links or dead neighbours.
If the keep-alive constraint is not fulfilled for a particular
node, it restarts its autodiscovery functionality in order to
find a new “routing parent.” This way, the network topology
is dynamically updated. There has to be some network
redundancy in terms of CN to guarantee that the system
keeps delivering data despite an assigned CN failed, by
rerouting information to another neighbouring CN. In the
unlikely event that all the CNs fail in a network branch, it
would be detected by a no-reply scenario within a specified
period of time (host unreachable), probably requiring direct
maintenance tasks if it is not due to a fire itself.

All the SNs employ a bidirectional communication
scheme.They can receive commands to change alarm thresh-
olds or node working mode. The communications protocol
includes the following communication message types:

(i) search messages: search for an initial node link;

(ii) automatic data messages: periodic messages contain-
ing sensor data;

(iii) specific data messages: messages containing sensor
data in response to a higher level node request;
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(iv) node status messages: messages containing data
regarding sensor status, power level, memory avail-
ability, additional status, and so forth;

(v) alarm messages: not only the alarm messages them-
selves, but also the bidirectional confirmation mes-
sages (error checking messages) to ensure that the
alarm message has been properly transmitted and
received;

(vi) command messages: messages from higher level
nodes with commands;

(vii) rerouting messages: message hopping corresponding
to other messages from other nodes.

Each SN has two types of links: a physical link, to a
nearby node for rerouting, and a logical link, to a CN from
which it depends. There will be an internal record to store
the identification of the SNs whose data have to be echoed
in an ascending or descending way. When new nodes are
added to the network, id of each available node (in range)
will also be stored at each node. At the end of each data
path, there will be a CN with long range communication
capabilities.

Finally, time synchronization is essential inWSN applica-
tions to keep communications ordered in the shared channel
and to correlate the measurements taken with a time-stamp.
This feature also leads to save power in most devices because
if one node is aware of the fact that it is not going to
transmit or receive any frame for some time, it may switch
its radio module off. All SNs have a very low power real
time clock which manages this time base. CNs, which have
GPS capability, provide time information and also have the
capability to detect time drifts from other nodes. When this
problem is detected, a clock correction frame is sent to the
drifted node.

3. Experiments and Results

Different experiments were aimed at ensuring that the net-
work functioning and integration with the rest of the systems
were in accordance with the expected performance. The two
CNs linked together correctly at a distance of 1.6 km.The SNs
were located at 25m of distance among them approximately.
Their data was transferred to the middleware successfully by
means of the CN connected to the computer at the Control
Centre. In particular, consider the following:

(i) ISM range performance: as it is necessary to provide
network communications to remote wildland loca-
tions far from urban environments, with no GSM
coverage, the ISM long range interface must be able
to cover distances of several kilometers. The main
central nodes were recommended to be fixed at a
previously studied location and then they dynami-
cally place the secondary nodes at different line of
sight locations as shown in Figures 8(a) and 8(b).
The aim of this procedure was to assess the possible
link degradation with range distance and how the
nodes automatically choose the most efficient power
configuration. The link quality indicator (LQI) was
the metric employed to measure the percentage of
successful received packets. In our experiments, the
best quality levels were obtained with links P1 and
P4, with LQI = 100% and 97%, respectively. P2
and P3 showed a similar LQI value, around 80%.
Missing packets were just transmitted again until an
acknowledge message was received;

(ii) fire detection performance: we computed the fire
indexes according to the Fire Weather Index (FWI)
System. The nodes take into account this index and
the evolution of the rawmeasurements like abnormal
temperature increments, humidity decrements, or gas
detection, to generate an alarmmessage. Different fire
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Figure 8: Tests carried out to check ISM communication performance between central nodes. In (a), the line routes between both nodes are
shown, where distances are P1: 1.4 km, P2: 2.2 km, P3: 3.3 km, and P4: 4.8 km. In (b), the elevation map of these routes is shown. As it can be
seen, all routes have line of sight.

scenarios were generated in a laboratory environment
to detect real fires and check if false alarms were also
raised. For that purpose, e-match pyrotechnic elec-
tric igniters were used under controlled conditions.
Results exhibited a 100%fire detection accuracy based
on sensed temperature increasing more than 5 in
less than 10 minutes and relative humidity decreasing
more than 10% in the same period. The gas sensors
detected in all cases significant smoke changes during
the tests (concentration changes greater than 3%);

(iii) final network deployment: the network proposed was
tested under realistic conditions in the natural park of
Sierra Mariola, Alcoy (Spain), in the context of a pilot
study including all the key actors involved in wildland
fire fighting operations. The network was composed
of the following items:

(a) one main CN with a GPRS/3G interface to con-
nect to the computer at the Control Centre,

(b) one secondary CN linked to the main one by an
ISM868 interface,

(c) six SNs, classified in accordance with their data
routing capabilities: 3 SNs “B” type, with routing
capabilities, and 3 SNs “C” type without such
capabilities,

(d) a computer for network control, equipped with
a 3G stick modem,

(e) a computer to collect data from the middleware
by a subscription process,

(f) three wind sensors for the CNs and one of the
SNs,

(g) all the nodes having temperature and humidity
sensors.

This structure is depicted in Figure 7. Additional deployed
itemswere a satellite communications network and aWi-Max
link between the Control Centre and the coordination air-
craft.The network was used to collect humidity, temperature,
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and wind data in real time and send them to the computer
at the command centre by means of the middleware. Results
show that more than 95% of the taken measurements arrived
to theControlCentre. Sensors and communication linkswere
functioning perfectly and fire conditions were simulated in
several nodes and alarms arrived immediately to all the actors
in forest fire fighting operations.

4. Discussion and Conclusions

Forest fires are a very serious problem inmany countries, and
global warming may contribute to make this problem worse.
Experts agree that, in order to prevent these tragedies from
happening, it is necessary to invest in new technologies and
equipment that enable a multifaceted approach [7].

This paper describes a WSN for early detection of forest
fires. This network can be easily deployed at areas of special
interest or risk. There are two types of nodes from the
physical structure point of view: SNs, to collect data from
the environment, and CNs, to gather data from the SNs and
transmit the information to a Control Centre.

The nodes also can be in different functioning modes.
This enables a proper and seamless configuration of the
network, provides redundancy, and ensures there will be
full temporal and geographical coverage in the deployment
zone. The information gathered is related not only to early
detection purposes but also to environment monitoring to
maximize the WSN usage. This environmental data can
also be employed to fire fighting preventive tasks such as
vegetation modeling, microclimate studies, and propagation
model parametrization.

In addition to the baseline functionality of a com-
plete WSN, some experiments were developed to demon-
strate that

(i) fire detection is very accurate and false alarms are
rare, if any;

(ii) long range communications, which are critical, per-
form as expected. Radio links, regardless of the
distance, are better if there is a direct line of sight.This
effect is explained by the Fresnel zone;

(iii) realistic and successful field tests during two complete
forest fire fighting operations involve all the key
players (aerial and land firefighting, command centre,
coordination, and satellite imagery) in the Mariola
Natural Park in Alcoy (Spain) during February and
October 2013;

(iv) customised communications protocol employs short
messages, maximizes sleeping stage duration, and
minimizes power consumption;

(v) WSN is integrated with amiddleware layer to transfer
data to a Control Centre or command centre.
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This paper presents the measurement of gas concentration and wind intensity performed with amobile robot in a custom turbulent
wind tunnel designed for experimentation with customizable wind and gas leak sources. This paper presents the representation in
different information layers of the measurements obtained in the turbulent wind tunnel under different controlled environmental
conditions in order to describe the plumeof the gas andwind intensities inside the experimentation chamber.The information layers
have been generated from the measurements gathered by individual onboard gas and wind sensors carried out by an autonomous
mobile robot. On the one hand, the assumption was that the size and cost of these specialized sensors do not allow the creation of
a net of sensors or other measurement alternatives based on the simultaneous use of several sensors, and on the other hand, the
assumption is that the information layers created will have application on the development and test of automatic gas source location
procedures based on reactive or nonreactive algorithms.

1. Introduction

Robotics has become an excellent alternative for developing
measurement platforms in applications requiring mobil-
ity and the possibility of implementing a specific behav-
ior or path planning procedures. Many robot algorithms,
procedures, and mechanics which have been widely used
in robotics are inspired and based on nature agents to
take advantage of thousands of evolution years [1]. Such
bioinspired influences are often present on robotic shaping,
physics, and robot intelligence which can be designed based
on animal strategies and other behaviors in order to incorpo-
rate their heuristics and senses. However, most of the robots
are designed and optimized in order to be fulfilled with a
specific behavior or application, so they used to be config-
ured to have a restricted number of implemented functions
and sensors [2]. Examples of such bioinspired sensors are

the chemical sensors which can imitate the sense of olfaction
in the development of many automatic applications [3] such
as odor classification [4]. In recent years different sensor
mechanisms have been used with robots in order to imitate
the human odor sensing capability [5]. For example, in [6]
a mobile robot with wind, gas, and temperature sensors was
used to define an ambient intelligence application in order to
increase human comfort.Mobile gas sensors can be applied to
detect the location of illegal chemicals and volatile substances
from explosives [7] and to supervise gas concentration on
industries or laboratories in order to ensure a human-safe
workplace [8].

However, the variability of environment agents such as
wind conditions, freed gas agent, gas injection rate, and
chemical sensor used is prone to the development of auto-
matic gas leak source detection. Such variability has been
analyzed by modeling the dynamics of the environments by
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means of the development of gas distributionmaps [9] which
have been enhanced based on the accurate positioning of the
gas concentrationmeasurements bymeans of a Simultaneous
Location And Mapping (SLAM) method [10]. For example,
in [11] the overall performance of a Fast-SLAM algorithm
for autonomous robot self-location and navigation has been
improved by means of a distributed structure and in [12] the
SLAM method has been applied based on the information
provided by a single monocular camera.

The information maps are proposed to model the gas
diffusion behavior inside a delimited area and can have direct
application in the development of automatic gas source-
finding applications by a mobile robot. For example, [13]
proposes the creation of gas concentration grid maps with
a mobile robot by convolving robot locations and sensors
reading with a radially symmetric two-dimensional Gaussian
diffusion function although this proposal cannot be applied
in this paper because of the strong unidirectional airflowused
in the wind tunnel. The same procedure was also applied in
[14] in order to identify multiple odour sources, using gas
sensors which are not capable of gathering gas concentrations
levels directly. Similarly, in [15] different distribution maps
have been used to discriminate the location of different gas
sources and in [16] amultirobot systemwas proposed in order
to obtain gas distribution maps and develop experiments
with different gas source-finding algorithms. In a similar
direction, [17] proposes a methodology to generate large gas
distribution maps, but in this case, by using a flying drone
which also includes onboard sensors in order to measure gas
concentration and wind intensity and direction. Finally, [18]
presents a dataset of different chemical compounds obtained
under different environmental conditions by defining a set
of experiments carried out in a turbulent wind tunnel.
In this case, the measurement of the gas concentration
was performed with an array of sensors placed along the
experimentation chamber.

The new contribution of this paper is the measurement
and representation of gas concentration and wind intensity
in a turbulent wind tunnel in different operational conditions
by using a mobile robot. This paper details the assessment
of different experimental setups performed with a mobile
robot equipped with a gas and wind sensor and the creation
of different maps or information layers by referencing, posi-
tioning, grouping, and processing the data gathered by the
mobile sensors. All the experiments described in this paper
have been carried out in a customized turbulent wind tunnel
with different gas freeing mechanisms and localization. The
graphical results obtained, interpreted as information layers,
describes wind intensity and gas concentration parameters
whose different tendencies are presented and discussed.

2. Materials and Methods

The materials used in this paper are the components used
in the implementation of the turbulent wind tunnel and
the mobile robot used to perform mobile gas and wind
intensity measurements. Additionally, the methods used are
the procedures applied to obtain the different information

layers that describe the wind intensity and gas concentration
parameters inside the turbulent wind tunnel.

2.1. Turbulent Wind Tunnel. The experimental tests devel-
oped in this paper have been carried out in a customized
box-shaped wind tunnel. This construction was made from
aluminum profiles and StyrodurⓇ insulation boards with the
following inner dimensions: 3.5m (width) × 4.8m (large) ×
1.8m (height).The wind tunnel has 4 extractor fans installed:
one placed in the center of the front wall, pushing air inside
the chamber, and the other three placed at the same height at
the back wall, extracting air outside. This configuration has
been selected in order to facilitate the turbulent diffusion of
the gas while generating a central wind plume profile. The
model of the extractor fans is HXM-400 by Soler & Palau,
and the power applied to the fans can be adjusted in order
to simulate different ambient situations. This custom built
structure is placed in a laboratory with two practicable large
windows (8m wide) that are managed to assure the adequate
renovation of the air inside the chamber by avoiding polluted
air recirculation. Figure 1(a) shows a photo of thewind tunnel
and the three fans. The tunnel has three predefined different
possible emplacements for the gas freeingmechanism against
the frontal wall. The gas source consisted in a small pipe with
a pullout 8 cm fan on the top that evaporates pure acetone
from a small glass at the base of the pipe (Figure 1(b)). This
mechanism is placed at 40 cm height and evaporates acetone
at an average constant rate of 32mL/h.

2.2. Mobile Robot. The main operational platform for this
work is a custommobile robot (Figure 2) [6].The structure of
the mobile robot is composed by aluminum profiles, plastic
covers, and other ABS 3D printed pieces. The motion of the
mobile robot is handled by two DC motors (P205 Micro
Motors s.r.l.) connected to a motor control board (Cortex
4 ARM microcontroller). A personal computer (dual-core
1.6 GHz, 4GB RAM, and 128GB SSD) with Windows 8.1
operates as the central processing unit and manages the
access to all sensors and actuators by using USB connections.
The navigation and obstacle detection procedures obtain
environmental information provided by a Hokuyo UTM-
30LX. This laser sensor gets 1,081 points in polar form from
a 2D angular range of −135∘ to +135∘ and a maximum linear
range of 30m.

The mobile robot includes a ppbRAE 3000 Photoioniza-
tion Detector (PID) by RAE Systems attached to its structure
and placed at 45 cm from the floor, at approximately the
horizontal plane defined by the gas source used in the
experiments. The PID measures gas intensity in parts per
billion (ppb), has an effectivemaximum sampling rate of 1Hz,
and is configured to measure acetone and diethyl volatile
substances. In addition, the robot includes a Windsonic
anemometer (Gill Instruments Inc.) in order to measure the
wind speed and its direction. The robot control routines
and procedures are implemented by using MATLAB script
functions although some heavy-computational procedures
such as the Fast-SLAM algorithm have been implemented in
C language and used as fast MATLABMEX functions which
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(a) (b)

Figure 1: (a) Interior of the custom wind tunnel and (b) detail of the gas source evaporator pipe.

Figure 2: Mobile robot used in the measurements.

provides a mobile robot position estimate in less than one
second and additional time to acquire information from the
sensors at a sampling rate of 1Hz.

2.3. Information Layers. The interpretation as information
layers of the data measured by the onboard sensors of the
mobile robot requires the application of a self-localization
procedure based on the SLAM methodology in order to
estimate the absolute position of the mobile robot in the
wind tunnel. The data gathered by the laser range sensor are
processed as binary image by applying an occupancy grid
SLAM methodology [10, 19] combined with an image tem-
plate matching tracking method [20]. This process compares
the actual set of scanned points with the points obtained from
the next laser scan in order to estimatemobile robot displace-
ment. The mobile robot pose is returned as the absolute 𝑥-
axes and𝑦-axes position aswell as the orientation of the robot
in degrees. In order to speed up the SLAM process the search
window of the template matching implementation has been
limited according the estimate mobile robot displacement.
The central process unit of themobile robot is able to perform
navigation and onboard sensor sampling in real-time. The
raw information of all the onboard sensors can be stored
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Figure 3: Typical evolution of gas concentration samples during a
mobile robot exploration.

in a log register for additional verification or further offline
analysis. As an example, Figure 3 shows typical raw gas
concentration measurements obtained with the PID while
the robot is exploring the wind tunnel. Figure 3 shows the
presence of some typical concentration peaks whose height
depends on the airflow turbulences and on the proximity
to the gas source. In practice, the mobile robot can detect
gas concentration peaks of different amplitudes when passing
several times around an absolute (𝑥, 𝑦) location inside the
wind tunnel. In general, the gas concentration peaks tend to
be representative of the gas concentration in the turbulent
airflow when grouping sensory information in small region
areas so all the information gathered with the PID and the
wind intensity sensors has been grouped in small represen-
tative cells that conform grid maps or information layers
in order to enhance the overall interpretation of the data
gathered with the onboard sensors of the mobile robot.

The procedure used to generate the information layers
with the gas and wind information has different steps. In
a preliminary step, the mobile robot creates a detailed map
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of the experimentation area by applying a complete SLAM
procedure during a simple exploration. This map never
changes during the experiments so it is saved as a reference
map in order to speed up the computations performed during
an exploration by avoiding continuous map update (applying
only a map-based self-location procedure).

As a main experimental step, the mobile robot performs
a semirandom exploration (Figure 4(a)) during 1 hour inside
the wind tunnel in order to obtain the different information
layers. In this paper, the path planning of the mobile robot
leads the robot straight (at a maximum velocity of 0.2m/s)
until detecting an obstacle and then turning a random
number of degrees to its left and repeating the procedure.This
exploration assures complete coverage of the wind tunnel.
The onboard PID and anemometer sensors are sampled at
1Hz in order to obtain synchronized environmental mea-
surements which are used by the mobile robot to generate
different information layers (Figure 4(b)). The parameters
used in this proposal are the gas concentration (ppb) and
the absolute wind speed (m/s). In this paper, the maximum
velocity of the mobile robot is lower than the background
wind intensity measured when the mobile robot is stopped
so the absolute wind speed obtained is not corrected with the
velocity information of the mobile robot. Figure 4 includes
large arrows which illustrate the location of the fans and the
direction of the wind generated which will be the same for all
analysis performed in this paper.

Figure 4(b) gives a relative representation of the size of
the square boxes or cells used to group the information of the
sensors (in cells of 0.2 × 0.2 meters). The cells are filled with
the data obtained during the exploration and continuously
analyzed in order to show their local maximum, average
and standard deviation values. All gathered sensor data have
the same weight while the random path assures the same
coverage and thus the same number of pieces of information
in all the cells. As an example, Figure 4(b) includes the infor-
mation layers with the maximum gas intensity measured in
the boxeswhich are filledwith colors for easier interpretation.
In this case the gas source was on the left of the frontal
wall. The low-resolution information layer can be smoothed
(Figure 4(c)) for an improved visualization, in this case, by
applying a biharmonic spline interpolation [21] which has
been widely used on 2D geophysical mapping since the 1970s
[22]. As an example, Figure 4(c) shows a smoothed high-
resolution interpretation of the information layer (1 square
area is smoothed as 8 × 8 pixels) corresponding to the gas
distribution previously shown in Figure 4(b) and, similarly,
Figure 4(d) shows a smoothed high-resolution interpretation
of the wind information layer.

3. Measuring inside
the Turbulent Wind Tunnel

This section presents the measurement results obtained by
means of different experiments carried out with a gas source
placed at different locations and with different settings on
wind intensity. The hypothesis is that the information layers
showing the gas concentration and wind intensity describe

consistent background information which will have applica-
tion in the tests of different gas source-finding algorithms.

3.1. Wind Profile. This section presents the experiments
performed in order to obtain the information layers which
describes the wind profile inside the wind tunnel when
the mobile robot performs a semirandom path-planning
exploration during 1 hour. In these experiments, the evap-
oration of the gas is started when starting the experiment.
Figure 5 shows the smoothed information layers showing
the maximum, average, and standard deviation value of
the wind intensity measured. These information layers have
been obtained in three experiments with 33%, 66%, and
100% power applied to the fans; similar information layers
have been obtained when repeating the procedure of the
experiments.

In the case with the power applied to the fans set to
33% (Figure 5), the plume originated by the main pullout
fan is clearly defined in the information layer showing the
maximum values of the peaks, the average values, and the
standard deviation of the wind intensity.Themaximum peak
of the wind speed measured was 2.37m/s just in front of
the pullout fan and this value decreased to 0.51m/s outside
the wind plume. The average wind velocity value in front
of the pullout fan was 1.59m/s and this value decreased to
0.28m/s outside the plume. The standard deviation of the
wind velocity reached values up to 0.59m/s just in front of
the pullout fan and decreased to 0.12m/s outside the plume.

In the case with the power applied to the fans set to 66%
(Figure 5), the plume originated by the main pullout fan is
again clearly defined in the information layer. The maximum
peak of the wind speedmeasured was 3.63m/s just in front of
the pullout fan and this value decreased to 0.70m/s outside
the wind plume. The average wind velocity value in front
of the pullout fan was 2.49m/s and this value decreased to
0.39m/s outside the plume. The standard deviation of the
wind velocity has a maximum deviation of 1.16m/s just in
front of the pullout fan and decreased to 0.16m/s outside the
plume.

In the case with the power applied to the fans set to 100%
(Figure 5), the plume originated by the main pullout fan also
appears to be clearly defined in the information layer. The
maximum peak of the wind speed measured was 5.03m/s
just in front of the pullout fan and this value decreased to
0.91m/s outside plume. The average wind velocity value in
front of the pullout fan was 4.02m/s and this value decreased
to 0.52m/s outside the plume. The standard deviation of the
wind velocity reached a maximum deviation of 3.09m/s in
front of the pullout fan and decreased to 0.20m/s outside the
plume.

In general, the information layers of Figure 5 show a
central airflow plume going from the pushing fan to the
extractor fans. The shape of the diffusion plume is particu-
larly noticeable on the maximum and on the average wind
information layers. Results show that the size of the plume
observed in the information map of the standard deviation
(gas intensity variations) decreases as the wind intensity (or
power fan) increases.
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Figure 4: (a) Robot semirandom exploration path (red line): the blue arrows depict the location and direction of the fans and the green circle
depicts the location of the gas source. (b) Information layer showing the maximum gas intensity concentration measured. (c) Smoothed
information layer showing of the maximum gas concentration measured. (d) Smoothed information layer showing the maximum wind
intensity measured by the mobile robot.

3.2. Gas Distribution Profile. This section presents the exper-
iments performed in order to obtain the information layers
which describe the gas diffusion profile inside the wind
tunnel when the mobile robot performs semirandom path-
planning exploration during 1 hour.Theminimum time-lapse
between experiments was 6 hours and a gas concentration
baseline of 0 ppbwas verified before initiating an experiment.
Figure 6 shows the smoothed information layers showing
the maximum gas peak intensity measured, average con-
centration, and standard deviation of the gas concentration
measured. These information layers have been obtained with
different experimental setups labeled as cases and also include
the description of the fan power applied in parenthesis.
Finally, similar information layers have been obtained when
repeating the procedure of the experiments.

Cases 1 and 2 of Figure 6 show the information layers
obtained when a single gas source (green circle with a
cross) was placed at the corner of the wind tunnel under
different wind intensities. Case 3 defines an experiment with

the gas source centered in front of the pushing fan. Finally,
Case 4 defines an experiment with two gas sources placed
on opposite corners of the frontal wall. Figure 6 presents
the information layers obtained showing the maximum gas
intensity (peak) measured and the average and standard
deviation of these values of gas intensity.

Case 1 of Figure 6 shows the information layers of the
gas distribution with all fans powered at 33% and with the
gas source located on the left of the frontal wall (Figure 6,
green circle). The maximum value of the gas concentration
was 38 ppm at a location very close to the gas source and
with a large lateral plume, outside this plume the maximum
value of the gas concentration decreased to an average value
of 13 ppm. The average value (Figure 6, Case 1) of the gas
concentration had a sharp peak of 34 ppm at a location
very close to the gas source and outside this peak the
average intensity decreased to 9 ppm.The standard deviation
(Figure 6, Case 1) showed a narrow peak with a value of
17 ppm and values of 1.8 ppm outside this peak. Therefore,
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Figure 5: Information layers of the wind intensity in different experimental cases.

according the information layers obtained fromCase 1 exper-
iment, the largest gas plume is obtained when registering
the gas intensity peaks measured by the mobile robot and
then this information layer is adequate in order to propose
exploratory trajectories in a typical gas source localization
application. Additionally, the information layer showing the
standard deviation of the gas concentration measurements
can be used to directly define stop criteria during a gas
location experiment because the standard deviation of the
measurements near the gas source used to be from2 to 8 times
of the background standard deviation level.

Case 2 of Figure 6 shows the information layers corre-
sponding to the gas concentration measured with all fans
powered at 66% and with the gas source located on the left
of the frontal wall. The maximum gas concentration shown
in Figure 6, Case 2, was located near the gas source with
a maximum intensity of 49 ppm but this peak was very
narrow and the maximum intensity of the peaks measured
decreased to 11 ppm in a very short distance. In Figure 6,
Case 2, the information layer showing the average values of
the gas concentration measured showed peak intensity close
to the gas source with values of 21 ppm and a very constant
background level of 9 ppm around all the area of the wind
tunnel. The information layer corresponding to the standard

deviation (Figure 6, Case 2) was very similar to the previous
case with a narrow peak with a value of 9 ppm and values of
1.2 ppm outside this peak. Therefore, in Figure 6, Case 2, the
gas diffusion plume is not clearly defined in any information
layer so it is expected that a mobile robot will experience
problems if trying to locate a gas source based only on the
gas concentration measured by the onboard sensor.

In Figure 6, Case 3, the gas source was placed in front
of the pullout fan and directly exposed to the main airflow
plume and the fans were set to 33% of its maximum power.
Results from the maximum gas concentration (Figure 6,
Case 3) show clearly a gas plume with a maximum gas-
peak concentration of 9 ppm and with 5 ppm outside the
plume.The average information layer (Figure 6, Case 3) has a
maximum value just in front the propeller fan with 7 ppm but
similar larger values were also found next to the surrounding
walls with an almost uniform value of 5 ppm along all the
inner area of the wind tunnel. In this case (Figure 6, Case 3),
the standard deviation reaches its maximum value, 3 ppm at
the exit wall, and the deviation in the inner surface is around
0.8 ppm. Therefore, the expectation is that a mobile robot
will be able to locate the gas source by following the gas
plume described in the information layer showing gas peak
concentration values.
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Figure 6: Information layers of the gas concentration in different experimental cases.

Finally, Figure 6, Case 4, had two gas sources located
at the corners of the frontal operating simultaneously and
the fans were set at 33% of its maximum power. In this
case, the information layer with the values of the maximum
peaks measured showed intensity peaks of around 34.5 ppm
close to the sources and a double combined diffusion plume
with maximum peaks of 14 ppm outside the plumes. The
average concentration values had a similar behavior with an
average gas intensity value of 27 ppm close to the sources
which decreases almost linearly down to 12 ppm up to the
opposite side of the wind tunnel. In this case, the information
layer showing the standard deviation of the gas concentra-
tion measured showed different time-varying peaks close to

thewalls of thewind tunnelwithmaximumvalues of 6 ppmat
the peaks and 1.6 ppm outside the areas of the peaks. There-
fore, in this case, the expectation is that a mobile robot will
be able to locate the gas sources by analyzing the information
layers showing the maximum gas concentration measured or
the average intensity values although the discrimination will
depend on the sensor used to measure the concentrations.

4. Conclusions

Thispaper presents themeasurement of the gas concentration
and wind intensity inside a turbulent wind tunnel performed
with the onboard sensors of amobile robot in the case of using
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acetone as a gas source target. The alternative grid maps have
been summarized as different information layers in order to
show the location of the maximum, average, and standard
deviation values of the wind intensity and gas concentration.
Some previous works such as [13, 14] address a similar
problem with a mobile robot in the case of having a reduced
number of sensor readings per cell. This work proposes the
interpretation of multiple sensor readings per cell space in
different information layers. The proposed procedure groups
and smoothes the data gathered from the sensors in order to
create different information layers showing the distribution of
the wind and gas concentration profiles inside the turbulent
wind tunnel in different operating configurations. Future
woks will be focused on using the informationmaps obtained
with themobile robot for automatic gas source location in real
application frameworks.
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Fluid property sensor (FPS) based on tuning-fork technology is applied to themeasurement of the contaminant level of lubricant oil.
Themeasuring principle of FPS sensor is derived and proved together with its resolution.The performance characteristics of the FPS
sensor, such as sensitivity coefficient, resolution, and quality factor, are analyzed. A temperature compensation method is proposed
to eliminate the temperature-dependence of the measuring parameters, and its validity is investigated by numerical simulation of
sensitivity, oscillating frequency, and dielectric constant.The values of purification efficiency obtained usingmicrowave andwithout
microwave are compared experimentally.

1. Introduction

Contaminants in lubricant oil can accelerate the wear rate of
machine parts. The effectiveness of nearly three-quarters of
lubricant systems is reduced by contaminated lubricant oil [1].
Water, solid particulate, and gas are three main contaminants
in lubricant oil.These contaminants can be removed by grav-
itational separation, centrifugal separation, impingement, or
filters [2–4]. Gravitational separation technique is unable to
separate contaminant from lubricant oil of high viscosity [5].
Centrifugal purifier can improve the separation efficiency of
free water and solid particulates [6]. However, it is impossible
to extract dissolved gas of low density from multiphase
mixtures through centrifugal separationmethod. Centrifugal
vacuum separation technique has been extensively applied to
the removal of free water and solid particulates in various
fields [7–10]. However, the removal of dissolved gas of low
density frommultiphase mixtures has been seldom explored.
We developed a vacuum centrifugal solid-liquid-gas purifier,
as shown in Figure 1 [11]. Under centrifugal force and negative
pressure, free water and solid particulates can be extracted,
and even dissolved gas in contaminated lubricant oil can also
be removed.

The purifier is composed of the following parts: hull (1),
foundation (2), disk (3), axis (4), oil tanker (5), central tube
(6), inlet of contaminant (7), exit of clean oil (8), exit of
bubble (9), vacuum zone (10), centrifugal purifier (11), and
electromotor (12). A vacuum zone is formed when the hull
spins at a great velocity. Under strong centrifugal force, free
water and solid particulates are centrifuged to the interior
wall of the hull. Meanwhile, the dissolved gas moves to the
vacuum zone with the help of vacuum pump.

Online measurement of contaminant level in the puri-
fier is vital to improve its separation efficiency. Weight-
ing method, particle analysis, ferrographic technology, and
semiquantitative method have been utilized to measure the
contaminant level of lubricant oil. Weighting method can
measure the total weight of contaminant, but it cannot
determine the distribution of contaminants [12]. Particle
analysis is able tomeasure the distribution and concentration
of particle through optical microscopy and computer particle
image [13]. However, this method is difficult to be embedded
with online monitoring function due to its high cost and low
performance in real-time analysis. Ferrographic technology
can not only measure the contamination level but also calcu-
late themorphology and concentration of particles. However,
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Figure 1: Vacuum centrifugal solid-liquid-gas purifier. (a) Configuration of purifier; (b) inner structure of purifier.

the offline monitoring and high cost of ferrographic equip-
ment prohibit its extensive application [14]. Semiquantitative
method can be roughly divided into ultrasonic, light, and
sedimentation measuring methods [15]. Ultrasonic method
is able to monitor the contaminants online, but it is not
sensitive to particles with diameter less than 30 𝜇m. The
accuracy of light measuring method can be easily affected
by external noise or the color of lubricant oil [16]. Although
sedimentation method is not affected by the color of oil and
bubble, it has the shortcomings of sophisticated operation
and high cost of standard filter membrane [17].

At present, most online monitoring sensors are only
capable of measuring the single physical parameters of oil
medium but cannot realize the comprehensive assessment of
oil quality, which shows that multiparameter measurement
is the development trend for intelligent sensor technology.
FPS2800B12C4 sensor (American Measurement Specialties)
can simultaneouslymeasure temperature, dielectric constant,
density, and viscosity of lubricant oil. The sensor is based
on quartz tuning-fork principle. However, the resonant fre-
quency of the sensor is extremely sensitive to the change
of ambient temperature. Likewise, density and viscosity are
greatly dependent on temperature.Unfortunately, the purifier
generates a large amount of heat during the purification of
oil. Therefore, it is essential to analyze the performance char-
acteristics of the sensor and to compensate the temperature
deviation, in order to improve the accuracy and reliability
of the sensor at different working temperatures. Temperature
compensation method is divided into hardware solution
method and soft compensation method. Some hardware
auxiliary devices such as thermistor provide compensation
solution of temperature [18, 19]. However, such compensation
method easily causes temperature deviation due to the
distance between the main sensor and the auxiliary temper-
ature sensor. In contrast, soft compensation method adopts
mathematical model to get rid of the effect of temperature

on the measured parameters. With the rapid development
of intelligent sensor technology, soft compensation method
has the advantages of low cost and easy implementation
[20, 21]. In order to improve the accuracy and reliability of the
sensor at different working temperatures, soft temperature
compensation is performed in the present paper based on the
relation between the variation of dielectric constant and the
temperature difference.

2. Principle and Resolution of
FPS Sensor: Theory

2.1. Measuring Principle. Figure 2 illustrates FPS2800B12C4
sensor, which simultaneously measures density, dielectric
constant, viscosity, and temperature. The ability to measure
multiple parameters can improve the accuracy and reliability
of the sensor. With the applied force, the resonant frequency
of the sensor will vary based on the force-frequency property.
When contaminants are absorbed into the lubricant oil, the
resonance frequency will vary with the contaminant level.
According to the physical relationship between the frequency
and the measured parameters, the sensor can measure some
fluid property parameters. As shown in Figure 2(b), the
sensor employs the universal digital CAN J1939 protocol, so
it can be easily connected to other controllers. Furthermore,
it can measure the value of density ranging from 0 to
115 g/cm3, dielectric constant ranging from 1100 to 6100,
viscosity ranging from 0 to 5011 cp, and temperature ranging
from −40 to 150∘C.

The quartz crystal resonator inside the sensor works as a
piezoelectric oscillator and generates a high-precision clock
signal with quartz resonance frequency [22]. When an object
is adsorbed to the surface of the quartz crystal, the oscillation
frequency of the oscillator will vary with the increase of the
weight of the adsorbed object. If a Newtonian liquid is in
contact with one of the sensors, the change in the oscillation
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Figure 2: FPS2800B12C4 fluid property sensor: (a) configuration of the sensor; (b) inner structure of the sensor.

frequency is proportional to the square root of the product of
the liquid density and viscosity [23]. Consider

Δ𝑓 = 𝑘 ⋅ Δ√𝜌𝜂, (1)

where Δ is the nominal oscillation frequency of the quartz
crystal and 𝜌 and 𝜂 are the liquid density and viscosity,
respectively. The oscillator sensitivity coefficient 𝑘 can be
expressed as follows:

𝑘 = −
2.26 × 10

−6
𝑓
0

3/2

√4𝜋
. (2)

The sensitivity of the sensor can be improved with
the increase of its nominal frequency. Solid particle, water
content, and the dielectric constant of lubricant oil cause
the variation of its viscosity and density. The measurement
determines √𝜌𝜂 more accurately than it determines the
density [24]. The typical nominal frequency of commer-
cially available low-frequency quartz tuning-fork sensor is
32.768KHz, and it is characterized by high quality factor, high
precision, high stability, and low power consumption [25].

2.2. Resolution of FPS Sensor. The measurement accuracy of
FPS sensor is closely related to the sensitivity coefficient 𝑘

in (2), the stability of oscillator frequency, and resolution
of the sensor. The stability of oscillator frequency indicates
the ability to maintain the oscillator frequency. Usually, the
dispersion of oscillator frequency, expressed by standard
deviation or variance, is used to determine the stability of
oscillator frequencywhich varies slowly.The values of density
and viscosity in purifier are independent and dispersive;
this results in rapid change of oscillator frequency. The
following Allan standard deviation is capable of expressing
the dispersion of oscillator frequency [26]:

𝜎
2

𝑦
(𝜏) =

1

2𝑓
0

(𝑚 − 1)

𝑚−1

∑

𝑛=1

(𝑓
𝑛+1

(𝜏) − 𝑓
𝑛

(𝜏))
2

, (3)

where 𝑓
𝑛
(𝜏) is the mean oscillation frequency of the 𝑛th

sample data during the time interval 𝜏, 𝜎
2

𝑦
(𝜏) is the variation

of oscillation frequency, and 𝑚 denotes the number of
samples.

Moreover, the limit of oscillator frequency under the
condition of noise is expressed by

Δ𝑓 (𝜏) = 𝜎
𝑦

(𝜏) ⋅ 𝑓
0
, (4)

where𝑓
0
denotes the nominal oscillation frequency and𝜎

𝑦
(𝜏)

is the Allan variance.
Then, the resolution of the FPS sensor is calculated as

follows:

𝑅 =
Δ𝑓 (𝜏)

𝑘
, (5)

where 𝑅 is the resolution of the sensor and 𝑘 denotes the
oscillator sensitivity coefficient in (2).

The following equation presents an empirical model
expressed by the relation between the smallest Allan variance
and the quality factor of the resonator [27]:

𝜎
𝑦

(𝜏)min =
1

𝑄 × 107
, (6)

where 𝜎
𝑦
(𝜏)min is the smallest Allan variance, 𝑄 is the quality

factor of the sensor, and 𝜏 is the sampling time, generally in
the range of 0.1 s∼10 s.

From (6), it can be found that the smallest Allan variance
is inversely proportional to the quality factor of the sensor.
As fluid property sensor is operating in liquids, the damping
value of resonator reduces the quality factor. Figure 3 illus-
trates the circuit of the quartz crystal sensor operating in a
liquid. It is assumed that the sensor is an ideal quartz, namely,
𝑅
𝑄1

≈ 0, and 𝐿
𝑄3

is far less than 𝐿
𝑄1
. Then, the actual

model in Figure 3(a) is reduced to the simplified model in
Figure 3(b). The maximum quality factor of the resonator in
the liquid can be expressed as follows:

𝑄max =
𝜔
0
𝐿
𝑄1

𝑅
𝑄3

. (7)

Substituting 𝑅
𝑄3

and 𝐿
𝑄1

into (7), the maximum quality
factor of the resonator can be expressed as the following
relation of the frequency, liquid density, and liquid viscosity:

𝑄max ≈
1

√𝑓
0

√
𝑐
66

𝜌
𝑞
𝜋

4

1

√𝜌𝜂
,

𝑄max ⋅ √𝑓
0

⋅ √𝜌𝜂 ≈ 7.8 × 10
6

(kg ⋅ m−2 ⋅ s−1) ,

(8)
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Figure 3: Circuit of the sensor: (a) actual model; (b) simplified model.

where 𝑐
66

denotes shear stiffness constant of the quartz
crystal, 𝜌 is the quartz density, and 𝑓

0
is the nominal

oscillation frequency.
Thus, the smallest Allan variance increases with the

frequency, liquid density, and liquid viscosity, and it can be
expressed as follows:

𝜎
𝑦

(𝜏)min = 1.28 × 10
−14

√𝑓
0√𝜌𝜂. (9)

Then, the minimum limit of oscillator frequency is
calculated as follows:

Δ𝑓min = 1.28 × 10
−14

𝑓
0

3/2
√𝜌𝜂. (10)

According to (5), the resolution of the FPS sensor is
computed as follows:

𝑅 = 2 × 10
−8

⋅ √𝜌𝜂. (11)

Despite the fact that the noise characterized by 𝜎
𝑦
rises

as the oscillator frequency is increased, the resolution has no
relation to the nominal frequency of the quartz crystal and
liquid density. In addition, the resolution becomes greater
when the product of the liquid density and viscosity increases,
which means that the resolution is sensitive to the viscosity
and density of the liquid.

3. Temperature Compensation of
the FPS Sensor

Temperature compensation can improve the accuracy and
reliability of the sensor [28]. Most of the contaminants in

lubricant oil, such as the moisture, gas impurities, and elec-
trolyte impurities, have influences on its dielectric constant.
Dielectric constant can be considered as a comprehensive
index of the contaminant level, and it can be utilized to
indirectly indicate the contaminant degree of lubrication oil.
In this paper, we determined the contaminant level through
measuring the dielectric constant. When the dielectric con-
stant is large, the purifier will continue to operate until its
value reaches a standard level. FPS2800B12C4 fluid property
sensor has many advantages, such as small volume, high
sensitivity, high reliability, and good dynamic response. How-
ever, its dielectric constant is sensitive to temperature change.
The changes of distance and area between two electrodes in
the sensor caused by temperature change generate output
signal errors of dielectric constant. There exists a negative
correlation between dielectric constant and temperature.The
variation value of dielectric constant, 𝜀(Δ𝑇), is a function of
the temperature deviation between maximum andminimum
values, Δ𝑇. This relation can be expressed by quadratic expo-
nential function or first-order inverse.The first-order inverse
function has several advantages over quadratic exponential
function, such as easy calculation and small fitting error.
Thus, the variation value of dielectric constant is defined as
the following first-order inverse function:

𝜀 (Δ𝑇) =
𝑎
1

⋅ Δ𝑇 + 𝑏
1

𝑎
2

⋅ Δ𝑇 + 𝑏
2

, (12)

where 𝑎
𝑖
and 𝑏

𝑖
(𝑖 = 1, 2) are temperature compensation

coefficients and Δ𝑇 = 𝑇max − 𝑇min denotes the temperature
deviation between maximum and minimum values.
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Figure 4: Fitting curves of original data of dielectric constant and
temperature.
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Figure 5: Fitting curves of dielectric constant with and without
compensation.

As a result, the real dielectric constant can be calculated
as follows:

𝜀 = 𝜀FPS − 𝜀 (Δ𝑇) + 𝜀
0
, (13)

where 𝜀FPS is the dielectric constant value measured by the
sensor in real time, 𝜀(Δ𝑇) is the variation value of dielectric
constant caused by temperature, and 𝜀

0
is the dielectric

constant value under standard temperature.

4. Numerical Simulation and Discussion

During the purification of oil, the purifier generates a large
amount of heat. The temperature rises rapidly from room
temperature in the first stage, and then it fluctuates in a
certain range due to forced or natural cooling. Eventually it
converges to a certain value.The stable operating temperature
of the sensor is maintained at 57∼58∘C. Thus, the standard
temperature (𝑇

0
) of the sensor is set to 57∘C, and the dielectric

constant corresponding to the temperature is defined as
the standard dielectric constant (𝜀

0
) of the sensor. Oil and

water mixed at the ratio of 10 : 1 are to be purified, and
purification time is set to 20 hours. In the experiment, the
FPS sensor sends a set of experimental data at an interval
of 30 seconds to its host controller. The original datum of
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Figure 6: Purification efficiency comparison with microwave and
without microwave.

dielectric constant and temperature is shown in Figure 4.
Based on these original data, we can calculate the values of
the compensation coefficients in (12) by the fitting method.
The calculation results are illustrated as follows: 𝑎

1
= 2.166,

𝑏
1

= 197.2, 𝑎
2

= 1, and 𝑏
2

= 74.99. Under standard tem-
perature 𝑇

0
, the dielectric constant value 𝜀

0
is equal to

2.43. Then, the real dielectric constant after compensation
can be calculated according to (13). The dielectric constants
after compensation, 𝜀, and without compensation, 𝜀FPS, are
illustrated in Figure 5.

As shown in Figure 4, the temperature varies strongly in
the first 200 minutes, then it remains stable, and eventually
it converges to 57∘C. Figure 5 demonstrates that high tem-
perature results in big dielectric constant value, and dielec-
tric constant value with compensation is smaller than that
without compensation. After 20 hours, the dielectric constant
generally tends to be a stable value, which indicates the
complete purification of water from oil. Thus, the dielectric
constant at this time is defined as the standard dielectric
constant under standard temperature.

5. Method to Improve Purification Efficiency

As shown in Figure 5, the time for complete purification
of water from the lubrication oil is about 20 hours, which
means that the vacuum centrifugal solid-liquid-gas purifier
is an equipment of low purification efficiency. Microwave
is a type of radio wave with a limited frequency band of
0.3 GHz∼300GHz, and it is able to penetrate the ionosphere
[29]. Under the nonthermal effects of the microwave field,
water molecules tend to be polarized, and their rotation
frequency is in the range of microwave frequency. In this
way, the original large water droplets become small and
might even turn into a single water molecule. Thus, water
volatilization is accelerated; the purification speed can also be
increased. Figure 6 illustrates the comparison of purification
efficiency with and without microwave. It can be noted
that, with microwave method, the purification time is about
three hours shorter than that without microwave. Therefore,



6 Journal of Sensors

microwave method improves the purification efficiency and
reduces the purification time.

6. Conclusion

A fluid property sensor (FPS) based on tuning-fork technol-
ogy is utilized to measure the contaminant level of lubricant
oil. Density, dielectric constant, viscosity, and temperature
can simultaneously be measured by this sensor. The perfor-
mance characteristics, such as sensitivity coefficient, resolu-
tion, and quality factor of the FPS sensor, are analyzed. The
resolution is also derived to verify themeasurement principle
of FPS sensor. Numerical simulation results demonstrate that
the resolution of the sensor is only related to the density and
viscosity of the lubrication oil.

A temperature compensation method is proposed to
eliminate the effect of temperature onmeasuring parameters,
and its validity is investigated by numerical simulations
of sensitivity, oscillator frequency, and dielectric constant.
Experimental comparisons of purification efficiency using
microwave and without microwave are performed. The
results show that microwave can improve the purification
efficiency.
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[4] F. Suñol andR.González-Cinca, “Effects ofmomentumflux and
separation distance on bubbly jet impingement in microgravity
conditions,” Chemical Engineering Science, vol. 97, no. 28, pp.
272–281, 2013.

[5] P. G. Talavera, “Selecting gas/liquid purifiers,” Hydrocarbon
Process, vol. 69, pp. 81–90, 1990.

[6] A. Krasinski, “A numerical model of droplets coalescence and
drainage in fibrous structures,” Chemical Engineering Transac-
tions, vol. 32, pp. 1495–1500, 2013.

[7] Y. H. Zhou, W. B. Wu, and K. Q. Qiu, “Recovery of materials
from waste printed circuit boards by vacuum pyrolysis and
vacuum centrifugal separation,”WasteManagement, vol. 30, no.
11, pp. 2299–2304, 2010.

[8] D. Zirkler, F. Lang, andM. Kaupenjohann, “‘Lost in filtration’—
the separation of soil colloids from larger particles,”Colloids and
Surfaces A: Physicochemical and Engineering Aspects, vol. 399,
pp. 35–40, 2012.
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Co
68.25

Fe
4.5
Si
12.25

B
15

amorphous microwires with a diameter of 34 𝜇m were prepared via the melt extraction method. The
dependency of ACdriving current 𝐼ac and frequency on giantmagnetoimpedance (GMI) effect andmagnetizationwere investigated
using a 4294A impedance analyzer and the transverse Kerr effect. The GMI effect was analyzed when 𝐼ac changed from 6mA to
20mA at a frequency ranging from 0.1MHz to 15MHz.The influence of AC current dependent on the frequency is correlated with
the magnetization mechanism. The maximum transverse Kerr intensity (MTKI) decreased with the increase in 𝐼ac under direct
magnetic field when the frequency was below megahertz. However, MTKI values were similar with the increase of 𝐼ac when it was
over 2MHz.Meanwhile, the GMI effect was optimized by selecting an adequate value of AC driving current 𝐼

𝑝
, at which the circular

permeability was higher when the frequency was not over 2MHz. Results showed that the influence of 𝐼ac on magnetoimpedance
became weak with strong skin effect and slightly stronger GMI effect driven by a higher 𝐼ac when the frequency was between
2MHz and 15MHz. The skin effect turned out to be the key factor to the GMI effect; thus, there were no obvious differences in
magnetization and GMI effect with AC driving current changing when the frequency was as high as 15MHz.

1. Introduction

Giant magnetoimpedance (GMI) effect refers to the strong
and sensitive change of impedance of a magnetic conductor
with a small variation in DC magnetic field [1, 2]. This
research has been fuelled due to its potential applications in
magnetic field sensing technology, particularly for magnetic
sensors [3–5]. The origin of GMI effect in microwires has
been interpreted in terms of skin effect and variation in
circumferential permeability caused by axially applied DC
magnetic field. The frequency, 𝑓, of the AC current must be
high enough considering the skin depth, which is typically
above 100 kHz.The impedance,𝑍, for amagneticwire is given
by [1, 6]

𝑍 =
𝑅DC (𝑘𝑟) 𝐽0 (𝑘𝑟)

2𝐽
1 (𝑘𝑟)

, (1)

where 𝑅DC is the direct resistance of microwire and 𝐽
0
and 𝐽
1

are the Bessel functions. 𝑘 is defined as 𝑘 = (1 + 𝑗)/𝛿, 𝑗 is the
imaginary unit, and 𝛿 is the penetration depth which is given
by the following function:

𝛿 =
1

√𝜋𝜎𝜇
Φ
𝑓
, (2)

where 𝜎 is the electrical conductivity and 𝜇B is the circular
permeability. In GMI response, change of penetration depth
is induced by the applied magnetic field through the mod-
ification of 𝜇B, thereby resulting in a change of impedance.
Meanwhile, AC current results in a circumferential magnetic
field, which influences 𝜇B through modifying the magne-
tization process. In other words, GMI effect depends on
the amplitude of the AC driving current and frequency
[7]. In addition, the conspiration effect of frequency and
AC current on the magnetization process was analyzed to
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Figure 1: The XRD patterns of Co-rich microwires.

study the influence of AC current on the GMI effect. The
majority of GMI studies to date are focused on Co-rich
microwires fabricated via the Taylor wire technique [8–
10]. Furthermore, melt extraction method has recently been
revisited with a new technique, which yields high-quality
microwires with superior soft magnetic properties compared
with other approaches, such as in-rotating water spinning,
Taylorwire, and glass-coatedmelt spinning.The excellent soft
magnetic property and uniform diameter are the advantages
of melt-extracted wires, making them more suitable for sen-
sor applications without glass cover. In addition, their GMI
effect is also excellent [11]. The stability of GMI effect under
different AC currents 𝐼ac was better and the fluctuations
almost disappeared when 𝐼ac was over 5mA [12].

In this study, the dependency of AC driving current on
magnetization and GMI effect is investigated in a frequency
range of 0.1MHz to 15MHz. A rich variety of multipeak
features in GMI response depended on the driving current
within a small DC magnetic field range, which have been
observed and discussed.

2. Experimental Details

Co
68
Fe
4.5
Si
15
B
12.5

amorphous wires were prepared using the
melt extraction method.The X-ray diffraction was done with
microwires paralleled on glass holders. And it is found that
microwires with a diameter below 50𝜇m are amorphous, as
shown in Figure 1.

And microwires with a diameter of 34 𝜇m were selected
for investigation and connected in holders. The GMI effect
was measured at room temperature using an Agilent 4294A
impedance analyzer at anAC current frequency ranging from
0.1MHz to 15MHz, with its amplitude varying between 6
and 20mA. The magnetoimpedance ratio, Δ𝑍/𝑍, can be
expressed as

Δ𝑍

𝑍
=
[𝑍 (𝐻ex) − 𝑍 (𝐻0)]

𝑍 (𝐻
0
)
× 100%, (3)

where 𝑍(𝐻ex) and 𝑍(𝐻0) are impedances at external field of
𝐻ex and zero,𝐻

0
. And the maximummagnetic field𝐻ex was

320A/m and supplied by a solenoid which was placed and
fixed in a special iron box to shield the earth magnetic field.
And there is a platform with 60mm × 60mm in size in the
center of the solenoid atwhich themagnetic field is stable.The
holders with microwires were then blocked in this platform
by four folders.

The Kerr effect measurements and setup [11] were made
in Basque Country University.The polarized light of a He–Ne
laser was reflected from the wire to the detector.The intensity
of the reflected light was proportional to the magnetization
when the transverse Kerr effect was used, which was per-
pendicular to the plane on flight. An electric current flowing
along the wire produced a circular magnetic field. An axial
magnetic field was produced by a pair of Helmholtz coils.

3. Results and Discussion

Figure 2 shows the frequency dependency of magne-
toimpedance 𝑍 at different magnetic field, with 𝐼ac varying
from 6mA to 20mA. The value of impedance increases with
the increase of DC magnetic field 𝐻ex and reaches its peak
value, 𝑍

𝑚
, when the external field is equal to the effective

anisotropy field, 𝐻
𝑚
. An increase of impedance at zero

magnetic field, 𝑍(𝐻
0
), accompanied by a decrease of 𝐻

𝑚
is

observedwhen the driving current 𝐼ac is increased from 6mA
to 20mA. For example, at 0.2MHz, 𝑍(𝐻

0
) increases from

40.9Ω to 55.6Ω, and𝐻
𝑚
decreases from 51.2 A/m to 40A/m.

However, the maximum 𝑍
𝑚

first increases from 55.7Ω to
64Ω at 9mA and then decreases to 56.6Ωwhen 𝐼ac increases
to 20mA. The largest impedance ratio Δ𝑍/𝑍 is up to 50.0%
at this frequency, with an AC current 𝐼ac of 9mA.Meanwhile,
𝑍(𝐻
0
) increases from 41.1Ω to 64.3Ω at 0.4MHz, and

the largest 𝑍
𝑚

of 75.6Ω is observed when 𝐼ac was 12mA.
When the frequency is over 0.6MHz, 𝑍

𝑚
increases with

the increase of AC current 𝐼ac. At the same frequency, the
impedance 𝑍(𝐻

0
) is proportional to the square root of the

circular permeability given by (1) and (2). Therefore, the
variation in impedance value reflects the evolution of circular
permeability with different AC currents.

Another different feature is also observed. GMI effect is
better under driving current of 9mA, when the frequency
ranges from 0.2MHz to 0.8MHz, but GMI effect is better at
12mA when the frequency is from 0.8MHz to 2MHz. These
results indicate the existence of optimal AC driving current
𝐼
𝑝
at which GMI response is best at a certain frequency.
When frequency increases to several megahertz, the

difference of impedance 𝑍(𝐻
0
), 𝑍
𝑚
, and 𝐻

𝑚
with the

AC amplitude gets comparatively stable with increase of
frequency. When the frequency is as high as 15MHz, the
influence of driving current on impedance curves gets trivial.
The impedance 𝑍(𝐻

0
) increases from 146.8Ω to 149.6Ω, and

Δ𝑍/𝑍 increases from 213.9% to 214.9%, where the difference
of𝐻
𝑚
is negligible.

Furthermore, the GMI profile of these wires shows that
there are two impedance peaks at 0.8 and 1MHz and three
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Figure 2: Field dependency of impedance at different frequencies and driving current: (a) 6mA, (b) 9mA, (c) 12mA, and (d) 20mA.

peaks over 2MHz, driven by 6mA. At the same frequency,
with driving current increasing, the second and third peaks
move too close until gathering together and becoming one
peak, which shows a clear driving current dependency. The
multipeak feature is observed typical and much clearer when
driving current is 2mA in these Co-rich melt extraction
microwires, as shown in Figure 3. As the AC frequency
increases, the second and third peaks successfully appear at
the back of the first peak, which also expresses a frequency
dependency of multipeak feature when the driving current
is 2mA. The evolution of multipeak features is associated
with the circularmagnetization process [2], and its amplitude
sensitively evolves with the axial DC magnetic field, driving
current amplitude, and frequency.

The variation in hysteresis loops with AC current reflects
the change of magnetization reversal mechanism analyzed in
detail in [13], and its effect on the circular permeability was

also included [8]. The Kerr intensity is the intensity of the
circular permeability in the shell from the loops [14]. Figure 4
presents the transverse Kerr intensity evolution of this Co-
rich amorphous wire at 50Hz under different AC driv-
ing current amplitudes. Maximum transverse Kerr intensity
decreased from 0.144 to 0.02 at 50Hz, as shown in Figure 4(a)
when the driving current increased from 0.5mA to 6mA,
indicating that the reduction of circular magnetization in
DC magnetic field as AC current is increasing, which also
proves the variation in circular permeability. Furthermore,
coercivity 𝐻

𝑐
decreased from 50.5 A/m to 45.4A/m when

the AC current increased from 0.5mA to 6mA, which also
proves the decrease of circular magnetization in external DC
field. Moreover, a sharp loop appeared when the driving
current increased to 1mA at 50Hz, indicating a much
more sensitive circular permeability change with magnetic
field. When the frequency was over 2MHz, transverse Kerr
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Figure 3: GMI profiles at different frequencies driven in 2mA.

intensity and coercivity had no clear change when the AC
current increased from 0.5mA to 20mA. In addition, there is
no sensible difference observed between the hysteresis loops
of different driving currents, as shown in Figure 4(b).

The AC driving current leads to a circumferential mag-
netic field𝐻

Φ
[8]:

𝐻
Φ
=
𝐼ac𝑙

(2𝜋𝑟2)
, (4)

where 𝑙 and 𝑟 are the length and diameter of the measured
microwire, respectively. The magnetic field amplitude 𝐻

Φ
is

associated with the rotational circular magnetization pro-
cess [8]. In addition, the domain wall displacement mainly
depends on DC magnetization. Furthermore, its displace-
ment is the main magnetization process at relatively lower
frequencies and the skin depth is large enough to penetrate
the whole wire. The induced circular field by driving current
then distributes in the total wire.The induced circumferential
field gets stronger with the increase of driving current and
with enhanced circular rotational magnetization. Circular
magnetization under external magnetic field with circular
permeability relatively decreases. As a consequence, GMI
response decreases with the driving current at 0.1MHz, as
shown in Figure 5(a).

The skin effect gets stronger with the current frequency
and displacement magnetization process and gradually gets
strong in the magnetization process. The circumferential
components ofmagnetic permeability depend on the induced
circular magnetic field 𝐻

Φ
and axial magnetic field. Larger

𝐻
Φ
enhances a part of circular magnetization which is driven

by this induced field and reduces the other part of circular
magnetization which is driven by external magnetic field
𝐻ex [14]. The total impedance is originated from the axial
external magnetic field and is also decided by circumferential
magnetic permeability 𝜇B. However, components of the
magnetic permeability tensor are dependent on axial external

and induced circular magnetic field [8]. When the circular
magnetic field reaches at around the circular coercive field
value, 𝜇B reaches the maximum values [8]. The existence
of current 𝐼

𝑝
which increases with frequency is correlated

with circular coercive field, indicating that GMI ratio can be
optimized by choosing an adequate value of driving current
𝐼
𝑝
below 2MHz.
Furthermore, the magnetization process also changes

from the displacement of the domain walls to the rotation
of magnetic moment [1, 15], with gradually increasing fre-
quency. At a certain frequency, a balance between displace-
ment magnetization and rotational process exists, during
which a fluctuation of circular permeability appears. And
from domain wall observation, there are different kinds of
domains at lower external magnetic field firstly, but when the
external field gets strong enough, domain structure transfor-
mation and annihilation will occur [16]. As a consequence,
multipeak GMI feature expresses the driving current and
frequency dependency.

In a range of a relatively high frequency over 1MHz,
GMI can roughly be described by the well-known standard
skin effect [17]. The latter manifests that the applied current
effectively flows in an outer part of the cross section of
the microwire. The penetration depth, 𝛿, which measures
this effect, is described by a commonly known expression
derived under the assumption that the dimension of the
wire in the magnetic field penetration direction is much
larger than the penetration depth, expressed as 𝛿/𝑟, where
𝑟 is the wire radius. Chizhik et al. developed a sample
model to estimate the penetration depth as a function of
experimentally obtainable ratio 𝑅DC/𝑅AC [14], where 𝑅DC is
the DC resistance of the wire and 𝑅AC is the real component
of impedance measured at a given frequency as a function of
axially applied external magnetic field.The penetration depth
is given as the following function [17]:

𝛿 = 𝑟 [1 − √1 −
𝑅DC
𝑅AC
] . (5)

In our data, 𝑅AC is selected when the external field is
zero. Equation (5) expresses the ratio 𝛿/𝑟 of the penetration
depth and the wire radius with various driving currents and
frequencies. The ratio 𝛿/𝑟 decreases with the increase of
driving current 𝐼ac and frequencies, which reflects that the
skin effect is stronger as shown in Figure 6. Based on the
equation of skin depth, skin effect is also enhanced with
increasing frequency and circular magnetic permeability.
Therefore, GMI effect is enhanced, as shown in Figure 5(b).

In this frequency range, the concentration of induced
circumferential field gradually migrates from the total wire to
the outer shell, which is beneficial for circular rotationalmag-
netization, stronger circular permeability, and much more
sensitive GMI effect, as observed in Figure 3.The basic mech-
anisms of magnetization reversal process which is dependent
on the magnetic field would be different with frequency
[13, 18]. As a consequence, the domain wall motion and
domain structure transformation in the functioning of sensor
elements using magnetic microwires are both dependent on
the driving current. Consequently, though the increase in
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Figure 4: Transverse Kerr effect at (a) 50Hz and (b) 10MHz of Co-based amorphous wires with different driving currents.
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Figure 5: Driving current dependency on maximum impedance ratio Δ𝑍/𝑍 (a) below 1MHz and (b) over 1MHz.

driving current induces a stronger circumferential field, their
distribution slightly has little effect compared with the strong
skin effect when the frequency is up to several megahertz.

This evolution proves that the dependency of driving
AC current on the GMI effect correlated with magnetiza-
tion is a frequency function. When the frequency is lower
than 2MHz, circumferential magnetization in the DC field
depends on the circular magnetic field induced by the
driving current. However, the influence of AC current on
magnetizationweakenswhen the frequency is over 2MHz for
strong skin effect, which is the key role in magnetization and
GMI effect at higher frequencies.

4. Conclusions

TheAC driving current influences the circular magnetization
and the skin effect; thus, the difference in GMI response
is observed. At lower frequencies (<0.2MHz), the increase
in AC driving current reduced the rotational circular mag-
netization process under DC magnetic field, and the GMI
response relatively decreased. Likewise, the balance between
displacementmagnetization and rotational process gives rises
to multipeak GMI features with the increase of frequency.
When it increases to megahertz, skin effect gets stronger and
becomes the main factor in deciding the GMI response.
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