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Abstract

In this paper, we propose a new approach to increase the sustainability of the Wireless Sensor Net-
work (WSN) nodes by extending their lifetimes. To do so, we attempt to find the optimal values of
the collection interval and the transmission interval for each task that can maximize the lifetime of
the WSN nodes by applying machine learning techniques. As a preprocessing for finding the opti-
mal value of two parameters, we first determine the combination of nodes necessary to perform each
task using the wrapper method. In addition, we applied Simulated Annealing (SA) to find the values
of two parameter that lower power consumption without being significantly affected by the WSN’s
performance. To prove the superiority of the method, we perform two kinds of experiments. Finally,
we prove the reduction of energy consumption using our framework.

Keywords: Sustainability, Wireless Sensor Network, Interval Determination, Machine Learning

1 Introduction

Many researchers are interested in increasing the sustainability of the Wireless Sensor Network (WSN)
nodes by extending their lifetimes [19], [2], [1], [10], [15]. If the power supply from the sensor nodes
goes down or becomes unstable, there is a problem with the accuracy of the sensors, leading to poor
performance of the WSN. Since it causes a decrease in the performance of the WSN, extending of the
battery lifetime has a direct impact on improving sustainability of the WSN. Improving sustainability
issue can be tightly related to security in mobile application. Research for extending the battery lifetime
are divided into two types: energy provision and energy consumption. The former attempts to extend
the battery lifetime by continuously replenish the power consumed by the sensors [13]. To do so, the
researcher has attempted to attach a power supply (e.g. solar charger or wind charger) to the sensors
themselves or to supply power from other nodes (sensor) or external devices that have extra power [17].
The latter focuses on managing battery lifetime by adjusting the wake-up/sleep cycle of the sensors or
by reducing the amount of data to be sensed [6]. In other words, it attempts to extend the battery life by
reducing the load on the sensors. However, the research had no consideration for data collection intervals
and transmission intervals, which are known to have a significant impact on extending the nodes lifetime
[3], [11].

In this paper, we propose a method to find the optimal values of the collection interval and the
transmission interval for each task that can maximize the lifetime of the WSN nodes by applying machine
learning techniques. By applying machine learning methods, it is possible to use collected data without
domain knowledge of the sensors and the WSN, unlike previous research. In addition, we attempt to
find the optimal combination of sensors needed to perform each task to extend node lifetime. It is
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accomplished by supervised learning using wrapper method. As a result, it will be possible to put other
nodes idle except for the ones that will control the intervals. So, it can contribute to extending the lifetime
of the battery. As the WSN grows, the effectiveness of this method is expected to increase. We applied
the Simulated Annealing (SA) technique to find the optimal values of the collection interval and the
transmission interval of task-relevant nodes. Since the SA technique is a method that can be applied to
simple problems among many meta-heuristic methods, it is the most suitable method for our research
with two parameters.

This paper is organized as follow. In Section 2, we review the related research. Section 3 offers
detailed descriptions about the overall framework. In Section 4, experimental results are suggested to
demonstrate the effectiveness of the framework. Finally, Section 5 presents the conclusions and further
research.

2 Related Works

As mentioned, state, research for extending the battery lifetime are divided into two types: energy provi-
sion and energy consumption. Energy provision improves the sustainability of the WSN by continuously
charging the power consumed. To do so, it installs solar chargers or wind chargers. In this light, this
method is commonly used in large scale WSNs. Energy consumption improves the WSN’s sustainability
by managing the remaining battery charge by either finding the optimal path for data transmission in the
WSN or by forcing the use of other sensors through periodic topology changes. Table 1 summarizes the
pros and cons of both methods.

Table 1: Summary of energy provision method and energy consumption method

Methods Characteristics Remarks References

Energy
Provision

Pros: Semi-permanent using
through continuous charging,
High utility in a wide range of
spaces

Charger using natural
energy

[20], [14], [16]

Cons: Additional maintenance
of charging equipment is re-
quired, additional cost of instal-
lation of charging equipment is
required, cost increases as sen-
sors increase

Direct energy supply from
external nodes

[8], [7]

Energy
Consumption

Pros: Easily extend the life of
wireless sensor network, Formu-
lated model allows definitive so-
lution selection

Finding the Best Route for
Nodes Transferring Data

[5], [4], [12]

Cons: There may be no solution
that satisfies the condition

Full power management
through coercion of the

overall topology
[9], [18]

However, although the value of the collection intervals and the transmission intervals of the sensor
data is very important, none of these methods were concerned. In other words, in previous methods,
instead of determining this parameter values, the WSN, which requires the collection of real-time data,
arbitrarily shortens the two parameters, and sets them arbitrarily long in the rest. So, in order to deal
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with the sensor’s efficiency, which is not covered in previous methods, we propose a method to adjust
the sensor’s optimal collection cycle and optimal transmission cycle to increase the sustainability of the
WSN.

3 Overall Frameworks

In general, data collected from multimodal sensors are represented as vectors of different dimensions,
depending on the sensing period of the sensors. In order to analysis of the multimodal sensor data, it
should be transformed into tabular dataset consisting of vectors of the same dimension. At this time,
the tabular dataset is generated by interpolation of the sensor data. In this paper, we performed the
interpolation with respect to the highest dimensional data in order to minimize the data loss. Finally, we
obtain the tabular data (T) as follows.

Definition 1. T is a n× (m+1) matrix and simply represented as follows.

T = (d11. . .dab. . .dla)

where dab is the n dimensional column vector of bth data field of ath sensor (b = 1,2, . . . ,m). At this
time, n is the value of the highest dimension of sensor data and m is the number of the data fields of the
sensors. dlais label vector, which is used to instance segmentation. It is augmented by human.

Since the multimodal sensor data is time-series data, the tabular data must be separated into a set
of instances, which have a constant size. There are two ways to determine the size of an instance:
label-based and task time-based. In this paper, we use the method of the label-based for learning the
best classifier and the task time-based for determining the best task time. The instance set is defined as
follows.

Definition 2. Instance set (IS) is the partitioned data set from T and composed of the instance (Insi)
as expressed below.

Insi = (d((si, fi))
11. . .d((si, fi))

ab. . . ),where d((si, fi))
ab = (d(si)

ab, . . . ,d( fi)
ab)T

where d((si, fi))
ab is the fi− si dimensional column vector of bth data field of ath sensor from sth

i row to
f th
i row (b = 1,2, . . . ,m, i ∈ N).

The instances are used to the training of the classifiers after transforming to the feature vector with
the labels.

3.1 Selection of Sensor Subset using Wrapper Method

In general, the WSN built to perform specific tasks contains a variety of sensors needed to achieve its
purposes [20]. However, some sensors in the WSN may be redundant, and not all WSN sensors are used
to perform specific tasks. In this light, if we find the WSN sensors that do not affect the execution of the
tasks, and idle them, it can make a significant contribution to WSN energy saving.

This module is performed to find a subset of the sensors that can perform tasks successfully while
minimizing the energy consumption of the WSN. To find the best subset of sensors, we use a wrapper
method known to have the highest classification performance. But the wrapper we used is the main
purpose of finding the best sensor set, not the best feature set. The classifier is then trained using all the
features of all the sensors in the best subset of the sensors. The difference between the method of finding
sensor subsets using the conventional wrapper method and the proposed method is shown in Figure 1.

As shown in Figure 1, the proposed method in this paper has much less computational burden than the
conventional method. In general, the number of the features that a sensor can have is very large. As the
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Figure 1: Comparison of sensor selection method between (a) conventional method and (b) proposed
method

WSN grows, the number of feature combinations that the wrapper method must search to find the optimal
feature subset increases exponentially. On the other hand, even though the size of the WSN increases, the
number of sensors included therein is relatively small compared to the number of features. By reducing
the search space by grouping multiple data fields in the sensors, it can contribute to lightening the burden
of the wrapper to find the optimal sensor subset.

In order to develop the wrapper, which can find the best sensor subset for the tasks, we used recall
and power consumption instead of accuracy, which is widely used to evaluate the superiority of the
sensor itself. The reason we used recall is that the frequency of occurrences varies from task to task.
In addition, we perform min-max normalization on the values of the power consumption for the scaling
with the recall. As a result, we derive the energy aware score of the ith as follows.

EASi = Recall− pci/(2(pcmax− pcmin))

where pci is power consumption of the ith sensor. pcmax and pcmin are maximum and minimum power
consumption of the sensors, respectively.

To find the best sensor subset using the proposed wrapper method, we first need to determine the rep-
resentative task time for the tasks with various execution time. However, it is very difficult to determine
by theoretically because each task has a different execution time and a slight deviation may occur even
in the task time. Therefore, we determined the optimal task time (at) using experimental method. The
method is summarized in Figure 2. In general, training a classifier has a heavy computational burden,
while performing a task using a trained classifier has a very light computational burden. Therefore, at

can be determined through repeated experiments without computational burden. Using the at , we gener-
ate the instances and perform the evaluation of the sensors using the instances and EASi. The learning
process is summarized in Figure 3.

3.2 Simulated Annealing-based Interval Optimization

In the previous module, we determine the best sensor subset, which can contribute the energy saving
of the WSN. In order to save the energy by minimizing the unnecessary operation of the sensor, we
attempted to find and manipulate the collection interval and the transmission interval of the sensors. To
do so, we propose the optimization method based on Simulated Annealing (SA), which is an efficient
method to find approximate global optimum in datasets where it is difficult to collect precise values due
to noise problems such as sensor data.
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Figure 2: Task time determination algorithm

Figure 3: Wrapper-based sensor subset
generation algorithm

The objective function for SA means to minimize the power consumption (P(CI,TI)) via shortened
the collection interval and the transmission interval. It is as follows.

minP(CI,T I)=min∑
m
i=1(

αi
CIi

+ βi
T Ii

)

where αi is the average power consumption per a single collection of ith sensor, βi is the average power
consumption per a single transmission of ith sensor. CIi is the collection interval and the transmission
interval of ith sensor to be determined, respectively. At this time, we identified the quenching conditions
for performing SA as follows.

Pr(e,e′,T )> random(0,1) (1)
3×min(CIi)< max(T Ii)< at (2)

Accepoch ≥ θacc∗ k and Recalle poch≥ θrec∗ k (3)

where e=P(CI,T I) and e′=P(CI′,T I′). (CI′,T I′) is the random neighbor of (CI,T I), and Pr(e,e′,T )=
exp(−(P′−P)/T ) is acceptance probability function. In condition (2), θacc and θrec are accuracy and
recall when classifying using default CI and default T I of the sensors. Accepoch and Recallepoch are
accuracy and recall when classifying using CIepoch and T Iepoch of the sensors for each epoch. k is an
arbitrary constant for controlling the performance of (CI′,T I′).

The first one is the default condition of SA. Constraint (2) defines the appropriateness of the interpo-
lation method for converting collected sensor data into the tabular data. If the performance of the WSN
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derived using the optimal solution of the SA is significantly lower than the existing θacc and θrec, the
optimal CI and T I values obtained through the SA may not be meaningful. To solve the problem, we
append the constraint (3) which can reduce power consumption by changing the CI and the T I values
without affecting the WSN performance. However, unlike conventional SA, the proposed method has
various variables and constraints. So, if we used the temperature drop condition Tmax

(T+1) , the speed of

finding the optimal value can be slowed down. To speed up finding the optimal value, we used Tmax
(T+1+mo)

(mo:momentum) which was further considered as the previous direction of movement.
The overall procedure is summarized in Figure 4. It composed of two modules: Wrapper-based

Sensor subset Selection Module (WSSM) and Simulated annealing-based Intervals Optimization Module
(SIOM).

Figure 4: Overall framework of proposed method

4 Experiments

In this paper, we performed two experiments under the following environments. The sensor network
consists of seven sensors, and the specifications of each sensor are shown in Table 2. These sensors were
attached to a washing machine to collect data at the beginning, middle and end of dehydration.

Table 2: Specifications of sensors in the sensor network

Experiment 1. This experiment was performed to compare the power consumption and execution
time of the proposed method with the conventional method to find the best subset of sensors. As a result
of the experiment, we can confirm that the proposed method not only finds the sensor with lower power
consumption than the conventional method but also selects the sensor faster. The experimental results
are summarized in Figure 4.

Experiment 2. This experiment was conducted to confirm the effectiveness of the momentum-
constrained temperature drop condition in the proposed method. The experimental results are summa-

64



Wireless Sensor Network Lifetime Extension Jaewoong Kang, Jongmo Kim, and Mye Sohn

rized in Figure 5.

Figure 5: Comparison of execution time and power consumption

Figure 6: Results of the simulated annealing with and without momentum for 100 iterations

5 Conclusion and Further Research

In this paper, unlike the conventional approach, we propose a novel method to control the power con-
sumption of the battery by adjusting the collection interval and transmission interval of the sensors. In
this way, we increased the sustainability by reducing power consumption at the expense of WSN’s task
classification performance. Our contribution has been to produce good results by attempting to adjust
the collection interval and transmission interval of the sensors, which were not used by conventional
methods.

The limitations are as follows. First, the hardware characteristics of the sensors were not properly
considered. In general, a sensor with high power consumption has a low noise, and thus a sensor with
high power consumption is often used when a task that needs to be complicated by WSN needs to be
classified. We attempted to solve this problem by using recall instead of accuracy of the task classifica-
tion. Second, the interaction between the selection of the sensor and the determination of the period of
the sensor was not considered. Our method has a limitation that it is not possible to accurately analyze
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the close interaction between the two by deciding one thing first and the latter one. Therefore, future
research aims to conduct research that overcomes existing limitations.
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