POWER MANAGEMENT IN A SENSOR NETWORK FOR AUTOMATED WATER
QUALITY MONITORING
by

Tongxin Shu

B.Sc., Xiamen University, 2014

A THESIS SUBMITTED IN PARTIAL FULFILLMENT OF
THE REQUIREMENTS FOR THE DEGREE OF

MASTER OF APPLIED SCIENCE
in
THE FACULTY OF GRADUATE AND POSTDOCTORAL STUDIES
(Mechanical Engineering)

THE UNIVERSITY OF BRITISH COLUMBIA
(Vancouver)

April 2016

© Tongxin Shu, 2016

Abstract
Power management is crucial in remote environmental monitoring, especially when long-term
monitoring is needed. Renewable energy sources such as solar and wind may be harvested for
sustaining a monitoring system. Without proper power management, equipment within the
monitoring system may become nonfunctional and as a consequence, the data or events captured
during the monitoring process will become inaccurate as well. Based on reinforcement learning,
this thesis develops and applies an adaptive sampling algorithm and duty cycling for power
management in automated water quality monitoring with energy harvesting. The state of the water
quality parameters in a water source such as a lake or river may change in an unpredictable manner
(e.g., may remain stable or change abruptly) depending on many factors such as climate or
environmental changes or those caused by humans (e.g., waste water discharge from factories,
construction, farming, and litter). Ideally, the sampling rate that is used for a sensor signal should
depend on the rate at which the signal changes. Hence, adaptive sampling scheme using
reinforcement learning is used in the present work, for water quality monitoring. The energy
consumption for signal acquisition, processing, and transmission all depend on the sampling
frequency, either directly or indirectly. Hence, it is desirable for the sensor nodes to dynamically
learn how to determine the best sampling frequency for a sensor signal, depending how the signal
changes due to the environmental situations, and adjust the sampling rate accordingly. It is found
that by dynamically changing the sampling frequency, the battery state can be maintained at an
energy-neutral level. Duty cycling also contributes to achieving the same goal by scheduling the
working and sleeping time of a sensor node. It is shown that by switching between the work mode
and the sleep mode, a satisfactory battery state can be maintained. These two methods have
different degrees of advantage and performance in power management, but it is shown that both
ii

methods can achieve the energy neutrality while maintaining a high level of accuracy in the
acquired data.
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Chapter 1: Introduction
Research in the subject of remote environmental monitoring has been rapidly developing in recent
years. One cannot overstate the importance of remote environmental monitoring, since it
significantly provides convenience and flexibility for the concerned people to observe
environmental conditions from distance, thereby reducing the risks, cost, and the required time
and improves the accuracy and efficiency. Furthermore, it is then possible to monitor large areas
in real time and even foresee some natural disasters such as volcano eruptions, sandstorms, and
earthquakes, and take remedial actions ahead of the catastrophe.

The water quality monitoring project, which is carried out in our Industrial Automation
Laboratory, focuses on the fact that people in rural or undeveloped areas are at high risk of
exposure to water-related disease nowadays. However, the problem is not limited to such regions,
and urban areas in industrialized countries may be equally vulnerable. For example, recently, there
were two major water-related crises that seriously affected Flint city, Michigan, USA and White
Rock, British Columbia, Canada. These problems could have been avoided and corrective actions
could have been taken in a timely manner if a reliable, accurate, and distributed water monitoring
system was available in the affected areas that could rapidly provide sufficient information about
water contamination.

Generally, in an automated water monitoring system, a wireless sensor network is
used[1], consisting of many sensor nodes that are capable of sensing data such as pH value,
Dissolved Oxygen (DO), Conductivity, Oxidation-Reduction Potential (ORP), turbidity,
temperature, and so on. The deployed sensors are typically low-power, low-cost and able to
1

transmit and receive data in the wireless network. Power management is of great significance not
only in water quality monitoring but also in other types of remote environmental monitoring
because of the importance of wisely managing the system power in order to sustain and extend
proper operation of the system as much as possible [2].

Previous work on this subject has primarily focused on power management through
energy harvesting [3]. At the sensor level there are methods for including such schemes as duty
cycling, data reduction and aggregation, and mobility design for power management. Then at the
network level, such methods as power-aware routing [4], dynamic voltage scaling and the use of
energy buffer or super-capacitors have been explored.

The present thesis, while using solar energy for energy harvesting, focuses on the sensor
nodes for power management, where the power consumption is managed by dynamically changing
the sampling rate with the use of reinforcement learning. Furthermore, a method called self-aware
scheduling is implemented. Self-aware scheduling contributes to power management by switching
nodes between active mode and sleep mode subject to solar and water conditions.

1.1

Background

The present project is sponsored by the Canadian network of centres of excellence IC-IMPACTS,
which aims to develop an innovative approach that uses advanced sensing and sensory processing,
Information and Communication Technologies (ICT), and knowledge-based decision making to
deliver water quality monitoring services in a uniform and optimal manner, both temporally and
spatially. Use of the ICT platform, it will be possible to automatically and remotely monitor and
2

assess the water quality in time over a targeted geographical area. Rapidly determining the
condition of the water enables us to predict the future water qualities and even help the regulatory
bodies make decisions or alert the people in the affected area regarding changes to the water
quality. This process is summarized in Figure 1.1.

Figure 1.1: Operation of the ICT platform for water quality monitoring.

In recent years, water quality monitoring has been gaining its significance since the
quality of water, especially the quality of drinking water, is highly correlated with the public health.
The Flint River crisis (Flint, Michigan, USA) which took place in April 2015, is such an issue, as
3

it particularly relates to the contamination of drinking water. This crisis has seriously affected the
health of more than 6000 children in the city of Flint. The problem has originated as the interior
coating of the aging pipes of the water distribution system were eroded by the corrosive water, and
lead in the pipes had leached into the water. This crisis could have been prevented or at least
foreseen had the local government conducted corrosion control or used a simple water quality
monitoring system that is able to monitor the pH value or the concentration of the negative chloride
ions of water, which would make the water corrosive. It is therefore clear that a long-term water
quality monitoring system is quite necessary in areas and communities where the water quality is
vulnerable to environmental changes or pollution particularly in a postindustrial city like Flint.

1.2

Technological Trends

Water quality monitoring has been proposed for various purposes of dealing with water issues.
Some researchers are focusing on the design of a sustainable, long-term water quality monitoring
system for urban river monitoring [5], wastewater treatment monitoring [6], drinking water
monitoring [7]. In that context it is paramount to consider power management as a relevant issue
and develop a monitoring system that is able to sustain itself and prolong its life time as much as
possible, especially in environmental monitoring of remote areas.

In power management, from the viewpoint of energy source, studies are conducted on
selecting the proper form of energy depending on the specific application. Energy forms such as
wind, photovoltaic (solar), piezoelectric, and thermal have been adopted in applications that call
for a sustainable and renewable energy source, particularly for environmental monitoring. In each
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type of energy, work has been done on how to acquire it from the particular environment and turn
it into useful electrical energy.

However, power management can also be studied through the application of hardware
design. Previously, researchers have incorporated a super-capacitor as an energy buffer in
hardware design as a way to store extra energy for power management [8]. Such implementations
are typically incorporated into very large scale integration (VLSI) hardware. Moreover, algorithms
and methodologies that are compatible with the hardware structures have been developed as well.
Dynamical voltage scaling, power-aware routing, and duty cycling are typical methods used in
energy conservation.

1.3

Research Objective

Since water quality monitoring is progressively playing a crucial role in ensuring the quality of
public health, a monitoring process that generates real-time data is highly desired. However, when
it comes to continuous monitoring in remote areas, addressing the issue of power management is
quite pertinent. At the sensor level, there are four main processes of power consumption: data
transmission, data reception, idle mode and sleeping mode. The event-driven method of switching
the sensor node’s state by turning it on or off will be discussed in detail. In this thesis, focusing on
the system level, the power management is done dynamically by using adaptive sampling with
reinforcement learning. Also, a method based on sleep/awake cycling is presented. These two
methods are proposed in the present work to generally help a remote environmental monitoring
system that incorporates energy harvesting, better manage its power consumption.

5

1.4

Thesis Outline

This thesis is organized as follows:

In Chapter 2, the overall system architecture is presented, including the framework of
the ICT platform. Also, a field testing activity is provided for gaining a preliminary understanding
of the water quality monitoring project.

In Chapter 3, the method of adaptive sampling based on reinforcement learning is
developed. By changing the sampling frequency during the process of sensory data sampling, an
energy-neutral battery state is achieved, which manages to dynamically balance the relationship
between consumed energy and harvested energy.

In Chapter 4, the implementation of duty cycling is developed. By selectively turning on
and off the sensor node based on the battery state and the sampling task, the goal of conserving
energy is achieved.

Chapter 5 concludes the thesis by summarizing the main contributions of the thesis and
the suggesting possible future work.

6

Chapter 2: System Architecture
This chapter demonstrates the overall architecture of the water quality monitoring system,
including the framework of the ICT platform. Also, a field testing activity is described to help gain
a practical understanding of the water quality monitoring project.

2.1

Water Quality Monitoring System

Figure 2.1 provides a graphical representation of the overall architecture of the water quality
monitoring system, including the basic framework of its ICT platform. In a body of water (e.g.,
river or a creek) where the water quality needs to be monitored, a local sensor network would be
implemented, which consists of several nodes that are interconnected through wireless
communication. A node will contain multiple sensors such as PH value, ORP, and DO). The data
from these sensors are first transmitted to a mother node. Local data processing would be
conducted at the mother node, which may include filtering, removal of redundant data, and data
representation in a compact form (data compression, modeling, etc.). By means of
GPRS/3G/Radio communication, the acquired and pre-processed data can be uploaded into the
Central Assessment Unit (CAU) and later analyzed for decision making, and interactively
observed by users remotely through mobile terminals. See Figure 2.2.
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Figure 2.1: The proposed system framework for water quality monitoring.

Essentially, the ICT platform is characterized by capabilities of easy deployment, rapid
relocation, and suitability for long-term sampling needs. Each regular node is capable of working
independently or collaboratively with other nodes, as needed. Weather conditions, geographical
conditions and wireless accessibility will affect the communication between the mother node and
the gateway, and there are alternative methods such as GPRS, 3G and ZigBee for data transmission.
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Figure 2.2: The flowchart of processing sensed data.

2.1.1

The Structure of a Regular Node

At present, the issue of power management mainly focuses on a regular node, which is powered
by its inner battery and energized by solar energy. The analog-to-digital (A/D) converter of the
data acquisition hardware is directly linked to the sensor probes, which is responsible for sampling
and transmitting the sensory data to a microcontroller for filtering and preliminary data aggregation.
Then a radio frequency (RF) communication link sends the processed data to a mother node. See
Figure 2.3.
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Figure 2.3: The structure of a regular node.

2.2

The Designed Sensor Node Prototype

This section presents the prototype of a regular node that has been developed in our laboratory
and deployed for field testing. A view of the prototype, with its sensors marked, is shown in
Figure 2.4.

Figure 2.4: The developed prototype of a regular node.
10

We have designed and built several different types of sensor nodes. After several trials,
we made further improvements and finally designed the prototype, which is both water-proof and
adequately robust. The five sensors are mounted inside a black plastic box (casing). This
arrangement also reduces magnetic interference between probes, while sensing. The solar panel is
mounted on the top box for collecting solar energy in order to energize the sensor node.
Thus far, we have implemented the sensors for electrical conductivity, ORP, DO,
Temperature, and pH, which represent the standard in water quality assessment. Some others in
our lab are working on data aggregation, in which several parameters are chosen to be aggregated
for evaluating water quality. We plan to purchase a turbidity sensor as well for inclusion in the
node for water quality monitoring, which should improve the accuracy and precision of water
quality monitoring.

2.2.1

Sensor Node Details

Figures 2.5 and 2.6 are based on the reference provided by Libelium.
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Figure 2.5: The regular node. (Sensor node with hardware from Libelium company)
(www.libelium.com)

The designed sensor node allows sensor probes and antennas to be plugged into the
sockets around the main body of the sensor node. See figure 2.6.

Figure 2.6: The sockets in the regular node. (Waspmote plug and sense technical
guide)
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There are up to 6 sockets in the sensor node’s main body, which facilitate the sensor
node to sample 6 sensor signals simultaneously. A USB socket is provided as well, enabling
preprogramming from a PC for various purposes of signal processing.

2.2.2

Levels of Energy Consumption

The sensor nodes developed by us have 3 different power modes:
The On mode means the sensor node is simply turned on, when the current level is 9
mA.
The Sleep mode stands for the state where the sensor node is standing by for
interruptions from the timer and the sensors while all the other main programs are terminated.
The Hibernate mode indicates that the microcontroller and the modules are completely
shut down. Then the current level is 0.7 μA, which is rather negligible. Table 2.2.2 presents the
current levels for various modes of operation.

Table 2.1: Mode and its consumption.

Mode

Current Level

On

9 mA

Sleep

62 μA

Hibernate

0.7 μA
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All the modes operate using 5 V from the sensor board. Hence the power consumption
is proportional to the current level. We use two main modules while the sensor node is turned on,
and the current levels of various modules are given in Table 2.2.3.

Table 2.2: Module and its consumption.

Module

Current Level

GPRS

10-400 mA

ZigBee

37-64 mA

For different types of sampling, the energy consumption varies as the desired
measurement changes. Furthermore, there exists some fixed level of consumption when a sensor
is operating. The corresponding current levels of the sensors are given in Table 2.2.4.

Table 2.3: Measurement and its consumption.

Sensor

Current Level

Temperature Sensor

3.5 mA

Conductivity Sensor

2.5 mA

Dissolved Oxygen Sensor

160 μA

pH Sensor

170 μA

14

ORP Sensor

170 μA

Constant

1.6 mA

In summary, the total power consumption within a certain period may be expressed as:

Etotal  Eactive  Eoperate  Econs tan t  Emod ule

(2.2.2)

where Etotal denotes the total power consumption, which is the sum of Eactive , the consumption of
the node in the On mode, plus Eoperate , the energy consumed for a specific operating sensor, plus

Econs tan t , the constant energy consumption. If a specific module is chosen, we should add the energy
consumed in the corresponding module, which is denoted by Emodule .

2.3

Field Testing

We conducted preliminary field testing for water quality monitoring at the Yosef Wosk Reflecting
Pool on the university campus (see Figure 2.8). Currently, we have developed five sensor nodes
which could be deployed in a distributed manner for monitoring the water quality within a
relatively large area (see Figure 2.7). The landscape of the area of the monitored pool is shown in
Figure 2.8. In the future we will develop and implement dynamic nodes, which are able to propel
to a desired location according a command or autonomously according to a program function.

15

Figure 2.7: The deployment of sensor nodes.

Figure 2.8: Landscape of the Yosef Wosk reflecting pool.
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Chapter 3: Adaptive Sampling
In this chapter, to address the power management issue, the method of adaptive sampling based
on reinforcement learning is presented. By changing the sampling frequency during the sampling
process, an energy-neutral battery state is achieved, which manages to dynamically balance the
relationship between consumed energy and harvested energy. Implementation of this method is
described and some results are discussed.

3.1

Energy-neutral Battery State

In a traditional battery-powered system, the main goal of power management is either to minimize
the energy consumed in various operating process and/or to maximize the lifetime of the system
itself while satisfying the applicable performance constraints. However, in practical environmental
monitoring with energy harvesting, a battery state is preferred where the harvested energy is
consumed at a proper rate compared to the remaining battery power level, so that the system can
work perennially. Hence, this battery state is called energy-neutral: a node with energy harvesting
is capable of keeping its battery state in a proper range while a desired performance level is
supported indefinitely [9]. In the present case, the battery state should not be too low or too high
since a sensor node working at a low battery state will undermine the data accuracy [10] and an
over-charge problem might occur at an extremely high level of battery state. So generally, keeping
the battery state at an energy-neutral state is the main goal of implementing adaptive sampling, in
the present work.
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3.2

Adaptive Sampling

The use of adaptive sampling is not new. However, adaptive sampling is desirable for power
management in environmental monitoring where the monitored parameters remain relatively
stable. This is because the sampling rate can be adjusted according to the importance of parameters,
accuracy requirements and battery storage state. Since a higher sampling frequency would increase
the sampling accuracy but decrease the battery sate, and a lower sampling frequency would result
in a higher battery state with energy harvesting but a undermined sampling accuracy, in this case,
a trade-off (i.e., striking a balance between accuracy and battery state) is generally achieved
between sampling accuracy and energy consumption while the system is reaching an energy-neural
battery state.

Battery State

Accuracy
Higher Sampling
Frequency

Battery State

Lower Sampling
Frequency

Accuracy

Figure 3.2: How sampling affects battery state and accuracy.

This also means that if the battery state is low and some parameter; for example, the PH
value of water hardly fluctuates and remains steady within a duty cycle, the sampling frequency
may be lowered and even the sensor node may be turned off (i.e., sampling frequency = 0) until
the next duty cycle in order to save energy. The same reasoning applies when the battery state is
high with adequate energy constantly provided by the solar panel. Then the sampling frequency
may be increased to achieve a higher sampling accuracy and avoid the over-charging issue.
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3.2.1

Nyquist-Shannon Sampling Theorem

According to the Nyquist-Shannon sampling theorem, the minimum sampling frequency Fs , which
could guarantee the signal reconstruction, must be at least twice the highest frequency of a given
signal. If this highest frequency is denoted as Fmax , generally, it is advised to have Fs three times
greater than Fmax , i.e., Fs =c  Fmax , where c  3 [11].

For example, consider the set of DO data obtained from National Water Information
System (http://waterwatch.usgs.gov/wqwatch/?pcode=00300) in 10 hours continuously, as shown
in Figure 3.3. Its frequency response function can be determined through Fourier transformation,
as shown in Figure 3.4.

Figure 3.3: Original signal of DO data.
(http://waterwatch.usgs.gov/wqwatch/?pcode=00300)
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Figure 3.4: Frequency response obtained through Fourier transform.

Using the frequency response, it is easy to determine the highest frequency of
significance Fmax of the given signal, which then could be used as the basis for seeking a suitable
sampling frequency. After conducting a number of Fourier transforms, it was concluded that any
signal whose amplitude is below 50 was noise. Hence for this frequency response, a suitable
estimate for Fmax is 0.75  10-3 Hz, as shown in Figure 3.5.

20

Figure 3.5: Determining the highest frequency of interest.

Particularly, as mentioned above, when the value of parameter c increases, a higher
sampling frequency would assure a higher accuracy in reconstructed signal. But as a result, more
energy would consequently be consumed during the data acquisition process. In environmental
monitoring, since there exists uncertainty in the real signal of monitored data, it is proposed here
to dynamically find a tradeoff between the accuracy of the reconstructed signal and the energy
consumption, which depends on adaptive sampling. More details on this issue will be presented
later in the thesis.
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3.2.2

Mean Relative Error

While dynamically changing the sampling frequency during water quality monitoring, to assure a
satisfactory sampling frequency, Mean Relative Error (MRE) is used to constrain the sampling
frequency. This is also called a process of tradeoff between power consumption and reconstructed
signal’s accuracy. MRE is defined as:

MRE 

1 N xˆi  xi

N i1 xi  

(3.2.2)

where xi denotes the ith data value in a series of sensory data, say, the pH value. Then xi
represents the ith data value in the sequence of the reconstructed signal. Since the value of
Temperature and ORP would possibly be 0 in the actual field testing, a constant parameter  is
included in the denominator. However, for pH value, Conductivity and Dissolved Oxygen, there
would rarely be 0 in the data values,   0 is used while calculating the MRE for pH value,
Conductivity and DO value.
A simple example is presented in Figure 3.6. The 5th data value in the original signal is
actually the 3rd data value in the reconstructed signal, and the difference between it and the 3rd
data value in the original sequence of data is then expressed as x3  x3 .
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Figure 3.6: The process of calculating MRE.

3.2.3

Detection of Minimum Frequency Change

Since a sequence of data will be sampled continuously during water quality monitoring, the highest
frequency Fmax is subject to change over time. So, an algorithm is developed, which is able to
detect the minimum frequency change and possibly adjust the value of Fmax . Here two thresholds,
Tup and Tdown , are defined, which can be used to detect a positive frequency change and a negative

frequency change, separately. Also, a user-design parameter  , which stands for the minimum
detectable frequency change, is introduced. This means, for example, if   2% , then a frequency
change more than 2% would be detected.[12] If a boundary for the maximum positive frequency
change is denoted as Fup , and for the maximum negative frequency change as Fdown , the following
equations may be written:
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Fup  Fmax  

(3.2.3)

Fdown  Fmax  

(3.2.4)

Then the thresholds for the detectable frequency change can be written as:
Tup 

Fmax  Fup
2

 (1 

Tdown 


2

) Fmax

(3.2.5)

Fmax  Fdown

 (1  ) Fmax
2
2

(3.2.6)

For an n number of consecutive samples, a frequency change can be easily illustrated in
Figure 3.7.

Figure 3.7: Detection of a change in the maximum frequency
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Basically, as several consecutive samples are acquired, if the current maximum
frequency is denoted as Fc , then the following algorithm can be stated:
Step 1: check if Fc  Fup  Fc  Fmax or Fc  Fdown  Fc  Fmax ,
Step 2: if no, continue to sample based on the same maximum sampling frequency.
If yes, change the maximum sampling frequency. We have:

Fmax  Fc
Fs  c  Fmax
Fup  (1   )  Fmax

Fdown  (1   )  Fmax
Then jump to step 3.
Step 3: Start to sample based on a new maximum sampling frequency.

3.3

Reinforcement Learning

Reinforcement Learning (RL) is a branch of machine learning, which is capable of modeling the
real nature of learning. In RL, there is an agent that will find the optimal actions to execute by
maximizing the rewards obtained through actions. More specifically, it is a process during which
the agent interacts with its presented environment and as a feedback, a positive or negative reward
is given upon to the agent’s action, which helps the agent to update its state and correspondingly
decide what action to be taken subsequently. This process is represented in Figure 3.8.
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Action

Agent
Reward

Environment

State

Figure 3.8: The interaction between an agent and its environment.

Generally, in an unknown environment, the agent alone is unable to decide which action
is the most appropriate one in the early phase of learning. In such situations, an exploration strategy
is adopted, in which the action conducted by the agent with the highest reward is perceived for
different states. This learning process, however, is often represented by an algorithm called Qlearning, which is used to accumulate rewards and therefore determine the best policy. This Qlearning algorithm is generally expressed as:

Q(St , At )  Q(St , At )   ( R    max Q(St 1, At 1 )  Q(St , At ))

(3.3)

where Q represents the reward accumulated at state S along with an action A taken at time t, while

 denotes the learning rate, which quantifies the agent’s learning pace, and  is termed the
discount factor whose value falls between 0 and 1. Furthermore, R is called an immediate reward
after taking certain action to transit from state St to the next state St 1 . In general, the value of 
plays a key role in controlling how fast the agent’s learning process would converge. Empirically,
the value of  should decrease as the agent progressively learns, in order to achieve the best
converging result. Moreover, the discount factor decides to what degree the future reward would
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influence the current accumulative reward. More specifically, the closer the  is to 1, the more
profound the influence of future rewards. To summarize, equation (3.3) explicitly conveys the idea
of how to connect current and future cumulative rewards and as well, how the cumulative rewards
update themselves after many rounds of trials.

3.3.1

Rewarding rules for adaptive sampling

As it has been discussed before, the minimum sampling frequency Fs which can be used for signal
reconstruction is decided by the value of parameter c, and based on this assumption,
comprehending the scheme of rewarding rules in adjusting the value of c is quite necessary.
The rewarding rules go as follows: Based on reinforcement learning, the S here denotes
the battery state, and the Action that has to be taken during the sampling process is to increase or
decrease the value of c. The corresponding rewards are -1, 0, +1 based on some action and the
battery state.
From Table 3.3.1, it is easy to conclude that, on the one hand, when the battery state is
low, the system is encouraged to work at a relatively low sampling frequency in order to conserve
energy as much as possible, waiting the battery to be gradually charged through solar energy. On
the other hand, when the battery state is high, it is encouraged for the system to work at a high
sampling frequency, where the value of c is between 7.0 and 8.0. This would assure a higher
sampling frequency along with a higher energy consumption, and consequently, the over-charging
issue might be avoided as well. And as a result of long-term monitoring, if there is no hardware
failure, the system will eventually operate in a healthy condition where the battery state is between
40%-70% regardless the initial battery condition.
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Table 3.1: The rewarding rules.
Value of c

(2.0 - 4.0]

(4.0 - 7.0]

(7.0-8.0]

<40%

1

0

-1

40%-75%

-1

1

-1

>75%

-1

0

1

Battery State

3.4

Simulation Example

To summarize the steps implementing adaptive sampling based on reinforcement learning, the
flowchart shown in Figure 3.9 may be used.

Figure 3.9: A flowchart for the algorithm.
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Provided by [13], each sensor node in our laboratory has a battery capacity of 6600 mAh,
while USB charging provides 5 V – 100 mA and the solar panel load is 9 V – 280 mA. In the
simulation, the sensor node operates in the GPRS module, whose energy (current) consumption
ranges from 10 mA – 400 mA depending on the sampling frequency. More specifically, for the
parameter c whose value falls within (2,4], the energy (current) consumption is around 70 mA,
while between (4,7] and (7,8] the energy (current) consumption is about 240 mA and 450 mA,
respectively.
Set MRE < 0.13, η = 0.6, γ = 0.8, c = 2.5. Then test the proposed algorithm with 1200
data samples of Dissolved Oxygen within 10 hours in 3 cases: battery storage initial state of 30%,
50%, 75%.

Figure 3.10: Simulation with 1200 data samples.
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3.5

Conclusion
Despite the difference in the initial battery state, with reinforcement learning, the battery

state eventually converged to around 61% of the total battery state. This verifies that the proposed
algorithm works satisfactorily for power management, making sure that the sensor node works at
an energy-neural level. Further conclusions are provided in Chapter 5.
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Chapter 4: Self-aware Scheduling
In this chapter, the implementation of duty cycling is presented. In this method, by selectively
turning on and turning off the sensor node depending on the battery state and sampling task, the
goal of conserving energy is achieved.

4.1

Self-aware Scheduling of Sleep-Awake Strategy

The scheme of self-aware scheduling aims to selectively sleep or wakeup the sensor nodes
according to the needs of tasks, the status of other nodes, as well as the battery state of itself. In
water quality monitoring, the self-aware scheduling can be implemented at two levels: 1. At the
network level, in a distributed sensor network, optimization of power conservation can be achieved
by globally evaluating the water quality in different areas and thus turning off the sensor nodes in
the area where a healthy water condition is known to exist for an extended , and the sleep/awake
cycle can thus be adjusted depending on the task needs and water qualities; 2. At a local level, it
is feasible to apply self-aware scheduling into single nodes. Based on the battery state and the task
needs, a single node itself can correspondingly choose a proper sleep/awake cycle with the
objective of energy conservation.

4.2

Related Work

By far, the scheme of sleep and awake scheduling has been studied and implemented by many
researchers. The work in [14] proposed a queuing model, combined with the Nash solution, to
efficiently calculate the optimal parameters for a sleep and wakeup strategy;. The work in [15]
experimentally studied the behavior of sleep and wakeup scheduling on 3 different network
topologies, and proposed to use reinforcement learning to schedule the sleep and wakeup cycle.
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The work in [16] systematically analyzed the scheme of sleep and wakeup cycling, and proposed
to wake up the nodes depending on the paging demands. The proposed solutions in these
contributions are in essence capable of coordinating with the system demands despite their
different research directions. On the basis of the previous work, the power management issue could
also be studied by designing sleep and wakeup strategies in automated water quality monitoring,
which has advantages.

4.3

Sleep-Awake Strategies at Single Nodes Level

As it has been discussed before, the sleep and wakeup strategies can be implemented either at the
single nodes level or at the distributed network level. Since it is much easier to explore the
strategies that are implemented at the singe node level, that subject is investigated first.
Implementation at the distributed network is discussed subsequently.
It is known that a too low battery state may possibly result in data inaccuracy while a
too high battery state with continuous energy harvesting may lead to problems of overcharging.
Hence, it is necessary to specify thresholds for the battery to change its state from sleep to wakeup
or from wakeup to sleep, according to the specific battery state.
Additionally, in view of the characteristics of water sensory data, including pH value,
DO, Temperature, Conductivity and ORP, fluctuations in these parameters always imply activities
that affect water quality such as effluent contamination, acid rain, and lead leaching. Such changes
are in fact what we are most concerned about in water quality monitoring. Then if all the values of
water quality-related parameters are stable within the time period of interest, it is believed that no
significant changes are happening, and some individual sensor nodes may turned off temporarily
or periodically.
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4.3.1

Battery State-Aware Sleep and Awake Strategy

During the sampling process, consider a situation where the solar power is limited as an energy
source and the remaining battery power is too low. Then if the battery of a node finally depletes it
becomes quite necessary to switch the node into the sleep mode. Thus, if the battery state is below
the threshold  low , then some of the sensors by themselves may go into the sleep mode, waiting
for the battery to be recharged until the remaining battery capacity is above the threshold low ,
when it will wake up and work. If the state of the sensor node is denoted as S n , which indicates
whether it is sleeping or awake, and the current battery state is denoted as  curr , then the overall
process may be expressed as:

1,  curr   low
Sn  
0,  curr  low

(4.3.1)

where the value of 1 means the sensor turns into sleep mode from active mode, while the value of
0 means the sensor wakes up from sleep mode. Also, the value of low should be somewhat greater
than  low , which assures that the sensor will not again fall into sleep mode right after waking up.
The same reasoning applies to the situation where the battery state is originally moderate.
Then, if the battery turns sensors into sleep mode for a while in response to task needs (which will
be discussed below), and the stored energy is about to exceed a certain threshold, then it is quite
necessary for the sensor to wake up and start sampling, which makes sure the extra stored energy
will be consumed in case of over-charging. In this case, if the total stored energy exceeds the
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threshold  high , the sensor will turn into active mode from sleep mode. Subsequently, if the task
needs governed by the environmental changes are minor, the sensor can possibly fall into sleep
mode again after the stored energy is below the threshold  high . That is:


1,  curr   high
Sn  

0,  curr   high

(4.3.2)

Thus, the whole sensor node is aware of its own battery state and will be capable of
wisely choosing when to sleep and wakeup certain sensor based on these thresholds (See Figure
4.3).

Figure 4.3: Thresholds for battery state-aware cycle scheduling.
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4.3.2

Sleep-Awake Strategy Based on Data Standard Deviation

If the water quality remains steady for a relatively long period of time, the parameters of water
quality would remain steady as well. However, if during the period of interest, the value some
parameters changes dramatically, it may imply that the water is experiencing some form of
contamination. For example (see Figure 4.4) eutrophication in water will generally cause a sharp
decrease of DO and a dramatic increase of nitrates. As eutrophication has an adverse effect on
biodiversity, it would be desirable to carefully observe the value of DO and nitrates in water, carry
out some analysis, and make appropriate decisions based on the findings.

Figure 4.4: Eutrophication and its effects on water.
(http://toxics.usgs.gov/definitions/eutrophication.html)
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In this backdrop, based on the trends of water quality parameters (e.g., whether they
increase, decrease of remain steady), the standard deviation of the sensory data may be used to
evaluate the stability of a parameter value that is capable of directly representing the water quality.
If the standard deviation is fairly small in a situation where, originally, the water was considered
to be of good quality, then it can be assumed that the water quality is currently acceptable and
some of the sensors in the monitored area may be put to sleep for a predetermined period, to save
energy. They may be awaken after this period or by another agent based on another finding related
to water quality in the monitored area. Here, an appropriate scheme:

 y  [ yn , yn1 , yn  2

m  n  50

ym ]

n  1, 2,3

 D( y )  E ( yi  y ) i  1, 2,3

1

2

 S d ( y )  D( y )  

(4.3.2)

(4.3.3)

where y is a set of water quality-related data acquired in a time sequence, y represents the mean
value of 50 samples, which may change over time, and Sd ( y ) represents the standard deviation,
which triggers turning off of certain sensor as soon as its value becomes smaller than a defined
threshold  . In this situation, the task needs are assumed to be satisfied. Figure 4.5 provides an
example. Here some of the sensors are switched to sleep mode when the value of parameter
remains stable, since the value of the standard derivation is steady and sufficiently small.
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Figure 4.5: Sleep strategy for a sensor node based on standard deviation.

4.3.3

Hybrid Sleep-Awake Strategy

The hybrid sleep and wakeup strategy is actually a combination of the two strategies presented
before (see Figure 4.6). The ideal battery state for a sensor node under normal operation is between
the thresholds  high and low .
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Figure 4.6: Hybrid sleep and wakeup strategy.

To ensure a healthy battery state, unless the battery state is so high that the sensors should
be awaken, a fixed time must be set to awaken the sensors in a scenario where the task needs are
currently satisfied (see Figure 4.7).

Figure 4.7: Fixed duration of a sleep mode.
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4.4

Sleep-Awake Strategies at Distributed Sensor Network Level

Implementing the strategies of sleep/awake cycle at the level of distributed sensor network has a
rather significant meaning and implication in power management since it focuses on the global
issue of energy efficiency and sustainability. The key to designing a proper scheme for this is to
coordinate the work loads with the surrounding environment. The information of the surrounding
environment, even in the present application, is not limited to water quality in certain testing area,
but also the battery state of other sensor nodes in a group. An example is shown in Figure 4.8.

Figure 4.8: Scheduling among grouped sensor nodes.

Suppose that there are three sensor node groups in area A, B, and C in a practical field
testing implementation, with each group having 4 sensor nodes. Also, suppose that the water flows
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from left to right, and the water quality is evaluated to be good in area A after a relatively long
period of monitoring. Then from the point of saving energy, it makes sense to turn off some of the
sensors in area A, and lower the sampling frequency of the sensors in areas B and C, as discussed
further in Chapter 3. Also, after establishing that the water quality is good over a period of time, it
is also possible do arrange a duty scheduling among all the three groups of sensor nodes; for
example, allow them to take turns to sleep and also make sure that there is always a group of sensor
nodes that remain active for detecting potential change in water quality (see Figure 4.9).

Figure 4.9: Grouped sensor nodes take turns to switch from Active to Sleep mode.

Additionally, waking up a sensor node from sleep mode is of similar significance as
turning it off. A simple strategy is to turn it on after a fixed time. But in real-time monitoring, a
scheme of event detection is more suitable in determining when to wake up a sensor node. For
instance, in the example of Figure 4.8, while the other two grouped sensor nodes are sleeping
during duty scheduling, the awake group of sensor nodes may detect some significant changes in
water quality-related parameters, signaling a possible contamination of the water. Then the awake
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group can directly send messages to the other groups and wake them up. Later on, the three
grouped sensor nodes can start to work and evaluate how severe the contamination is and what is
the source of contamination.

4.5

Conclusion

This chapter explored the possibility of turning off some sensor nodes to conserve energy. Several
strategies were proposed in sufficient detail and rationale for sensor nodes to duty cycle between
active mode and sleep mode. Those strategies, implemented at two different levels of a sensor
network, offer alternative solutions for addressing potential energy-efficiency problems.
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Chapter 5: Conclusion
This chapter concludes the thesis. It summarizes the key contributions of the thesis and indicates
some possible future work.

5.1

Developed Methods

This thesis provided three solutions for power management in water quality monitoring, which are
mainly focused on the battery-state awareness. Even though the specific methods and algorithms
were specifically developed for applications of water quality monitoring, the developed
methodologies of power management can be extended into other applications, for long-term
monitoring. Also, these solutions may be applied for a variety of energy sources such as solar,
wind, thermal, and piezoelectric. Furthermore, the characteristics of the data that would be
acquired should also be considered before choosing a method for power management.

Some advantages and disadvantages of the methodologies developed in this thesis are
summarized now. For the adaptive sampling based on reinforcement learning, the sensor node is
capable of dynamically changing the sampling frequency by itself while ensuring a high sampling
accuracy. This method is quite suitable for sampling those parameters that require a relatively high
sampling frequency. Nevertheless, in continuous sampling the reliability of the solar energy
method is higher compared to self-aware sleep/awake scheduling. In a nutshell, this method fits
the sampling situations where continuous sampling is needed, especially when the water quality is
vulnerable and prone to contamination.
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For self-aware scheduling, the main advantage is that the sensor nodes typically do not
rely on solar energy, compared to adaptive sampling. However, if some abrupt changes in water
quality emerge right after the sensor nodes are turned off, the increase/decrease in the value of a
certain parameter might not be detected sufficiently fast. To conclude, this methodology is
appropriate for monitoring situations where the water quality remains stable and a relatively low
sampling frequency is preferred.

5.2

Future Work

Planned future work includes purchase some hardware for implementing the methods developed
in this thesis. Also, specific algorithms for the methodology of self-aware scheduling will be
developed. After setting up and improving the ICT platform, the equipment will be deployed for
remote monitoring, in a practical setting possibly in a water-critical area. This will represent an
important contribution particularly for people in rural area, who will benefit from an effective
water quality monitoring system to ensure the availability of safe drinking water.

An effective and more realistic enhancement to the existing Water Quality Index (WQI)
is being developed. This can be used to more accurately represent water quality, which is computed
using water-related parameters. It is viable to consider local data fusion and aggregation for power
management. What is more, the network routing and dynamic voltage scaling are two possible
research directions, since these two topics are widely studied in the field of power management.
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