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Abstract

Focusing on environmentally powered Wireless Sensor Networks (WSNs),

this thesis studies optimized operation of individual sensor node in terms

of average duty cycle. In particular, the focus lies in gaining high average

duty cycle with high stability. To achieve this objective, an energy neu-

tral approach based efficient power management system is introduced and

investigated in different working conditions.

WSNs deployed in ad hoc manner comprise of numerous sensing nodes organised in a

network for the sake of checking and balancing the environmental factors. Each node

has sensing, computation, communication and locomotion capabilities but operates with

limited battery life. Energy harvesting is a way of powering these WSNs by harvesting

energy from the environment. Using harvesting energy as source, certain considerations

are different from that battery operated networks. Nondeterministic energy availability

with respect to time is the reason behind these differences which put a limit on the

maximum rate at which energy can be used. Thus, power management is of prime

importance in self-powered networks.

The thesis begins with development of efficient solar forecasting algorithm for accurate

estimation of energy availability. Reliable knowledge of solar radiation is essential for in-

formed design, deployment planning and optimal management of energy in rechargeable

sensor networks. In the proposed work, an optimized Pro-Energy algorithm is developed

using level and trend factors in time series analysis for future solar irradiance estimation.

The performance of proposed algorithm has been compared with EWMA, WCMA, and

Pro-Energy on the basis of prediction error. The problem of solar irradiance forecasting

has been further addressed by machine learning methodologies over historical data set.

In proposed work, forecasts have been done using FoBa, leapForward, spikeslab, Cubist

and bagEarthGCV models. To achieve more precise and consistent forecast, four Sta-

tistical Ensemble (SE) approaches have been presented. To validate the effectiveness of

these methodologies, a series of experimental evaluations have been presented in terms

of forecast accuracy, correlation coefficient and Root Mean Square Error (RMSE). The

R interface has been used as simulation platform for these evaluations.

Based on forecasted solar energy profiles, an integrated approach of energy assignment

principles with adaptive duty cycling has been introduced to efficiently utilize the avail-

able energy. For this purpose, four factors of the system including energy generation rate,

energy consumption rate, storage and controlled energy allotment to the sensor node have

v



been formulated in to a theoretical model. The dynamic programming has also been used

for theoretical analysis of the system. The analytical models of solar powered wireless

sensor node have been used to validate the effectiveness of proposed work. The extensive

simulations have been conducted on real time solar energy profiles in terms of magnitude

and stability of sensors average duty cycle. The experimental results shows that the

proposed approach offers perpetual node operation with high energy efficiency.

Keywords: Wireless sensor networks, Energy harvesting, Solar forecasting, Photovolatic

(PV) systems, Average node duty cycle, EWMA, WCMA, Pro-Energy, FoBa, leapFor-

ward, spikeslab, Cubist, bagEarthGCV.
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Chapter 1

Introduction

1.1 Wireless Sensor Networks

Wireless Sensor Networks (WSNs) gives the opportunity to replace wired embedded sys-

tems and to frame autonomous systems without the requirement of wiring up an entire

network. This advanced technology allows the complex sensor systems to reduce instal-

lation/maintenance cost and overall power consumption[1]. Spatially distributed sensor

nodes are scattered over a targeted sensed area and interconnected in an ad hoc manner

via radio communication links as shown in Figure1.1. These sensor nodes are micro-

controller based embedded computing devices which sense and measure the information

from the area they are deployed into. For storage and processing of data, they collec-

tively pass the gathered information to central sink node or base station through wireless

communication link[2][3][4].

Figure 1.1: Structure of WSN communication

At the boundary of sensor field, data has been transferred to the sink node which is con-

sidered as a gateway. The sink node has high processing and memory capacity to perform

data processing before transferring the information to external network[5]. Further, High

volume of data and random propagation delays affects the overall system performance

and quality of service. The network takes more time to process large data and this pro-

cessing time will increase if the propagation delays are uncertain. In some applications
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such as audio and video transmission, real time delivery is of prime concern. In order to

meet the QoS guarantees, multiple techniques have been introduced by the researchers

including data link layer QoS scheme, integrated multiple layer approaches, QoS routing,

an efficient admission and reservation control.

1.2 Prime Concerns about Resources and Designing

of Sensor Nodes

WSNs are employed in a wide range of applications but their internal architecture poses

significant challenges during network design[6]. A sensor node is the key element of

WSNs and designed with a power source, a sensor unit, a microcontroller and a wireless

radio unit as the basic components. Figure 1.2 shows architecture of a typical wireless

sensor node. Separate modules of a sensor node are constrained by limited resources,

summarized as processing, storage, and energy constraints.

The power unit with its regulating circuitry enable the wireless systems to work. The

power source is generally a battery of some form which has certain exceptions to address

and it is going to deplete over time. Thus, efficient utilization of available energy is the

prime issue for WSNs. This problem has been addressed in the literature by dynamically

adjusting operating voltages and frequencies at the node level, increasing the efficiency

of the cell within the battery, increasing the power density of the cell, and designing of

energy efficient network protocols[7].

Figure 1.2: Architecture of a wireless sensor node

Another constraint for WSN is characterized by computational power. Nodes have op-

timized processing unit which is designed to operate on low power embedded devices.
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Figure 1.3: Power consumption in WSNs

To perform node level data processing, a microcontroller run at a frequency from 8 to

16 MHz with a memory capacity of kilobytes to some megabytes. Microcontrollers are

characterized as low memory processing unit that makes the sensor nodes programmable

and performs required processing on data rather than transmitting information myopi-

cally. Here, the trade-off is to maintain adequate energy consumption by limiting the

complexity of tasks and computation capabilities of the node.

As a third source of constraints, wireless radio unit has a transceiver with many associated

components that have an impact on node performance and overall cost of the system.

This is because of the fact that the radio communication is an energy demanding process

and need consideration to path losses and interference. The power consumption in this

unit is high for transmission, reception, and idle state but drops to at least one order of

magnitude in a sleep state. Figure 1.3 shows energy expenditure in different operating

modes of sensor.

Further, the design of sensing unit is application dependent and may have significant

energy consumption. Finally, cost of designing, implementing, and installing WSN is one

of the driving issues. With respect to this constraint, sensor nodes should be inexpensive,

small, and replaceable. Table 1.1 enlists different commercial sensor nodes and compare

their hardware specifications.

1.3 Wireless Network Structure

The network structure can be classified in two basic topologies with respect to the way in

which nodes are structured[7]. The first is single hop star networks in which all the sensor

nodes can directly communicate with a base station or sink node as shown in Figure 1.4.

This structure simplifies the protocols required for network operation but size is limited

by the communication range of the sensor nodes. Further, the sensor nodes do not have
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Table 1.1: Hardware specifications of different wireless sensor nodes

Sensor Node Tiny node [8] MicaZ [9] Imote2 [10] Tmote sky [11]

Supply Voltage 2.4V - 3.6V 2.7V - 3.3V 3.2V - 4.5V 2.1V - 3.6V

Microcontroller TI MSP430 AT mega 128L Intel PXA271 TI MSP430

RAM 10 KB 4 KB 256 KB 10 KB

External/ SDRAM 512 KB 512 KB 32 MB 1024 KB

Flash Memory 48 KB 128 KB 32 MB 48 KB

MCU Sleep 6.5 µA < 15µA 390µA 5.1µA

Data Rate 152.3 kbps 250 kbps 250 kbps 250 kbps

Radio Chip XE1205 CC2420 CC2420 CC2420

Radio Frequency 868 MHz 2.4 GHz 2.4 GHz 2.4 GHz

MCU On, Radio off 2.1 mA 8 mA 31 mA 1.8 mA

MCU On, Radio Tx 27 mA 25.4 mA 66 mA 19.5 mA

MCU On, Radio Rx 18 mA 27.7 mA 66 mA 21.8 mA

forwarding property i.e. they do not transmit or receive on the behalf of other nodes.

The nodes are independent to each other and can communicate through the sink node

only. Further, the hop distance in this configuration is same for all nodes.

Figure 1.4: Single hop star network

Second is the multi-hop networks in which the distance between the sensor and sink node

is greater than one hop. The nodes can communicate with each other and hop distance is

not same for all nodes. Multi-hop networks cover a wider area having sensor nodes with

forwarding properties but require communication and routing protocols[12] that make

the system complicated and energy demanding. According to the internal configuration

of nodes, multi-hop networks have been further divided into flat and hierarchical (cluster

based) networks. In flat networks, all the nodes in the network are equal and have same

duties. Figure 1.5 shows the internal structure of a flat network.

In hierarchical configuration (Figure 1.6), the network is subdivided into single hop groups

with special nodes called cluster heads[13][14]. All regular nodes transmit their informa-
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Sink node

Figure 1.5: Flat network infrastructure

Sink Node

Sensor nodes

Cluster node

Figure 1.6: Hierarchical network infrastructure

tion to respective cluster heads and not forward any information to other nodes. Cluster

nodes are different from regular nodes logically/physically and are responsible for the

entire group. A communication set up with sink node has been set up using dynamic

protocols.

1.4 Practical Challenges inWireless Sensing and Net-

working

Energy consumption is one of the main challenges that is faced by a WSN node. Energy

becomes a gridlock especially for those applications where the network is expected to

operate for the long time period. Thus, efficient management of battery energy is essential

because of the following factors:� A sensor node will be dead if its battery runs out and overall network performance

degraded accordingly. Frequent battery replacement is infeasible and increases the

cost of network maintenance because of large and inaccessible installations[15].� Small size of the sensor node is important for the ease of installation. Batteries

represent the majority of weight and volume of the sensor node. The requirement
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of a small volume of the device limits the amount of energy that batteries can store.

On the other hand, small batteries with very low power density cannot be utilized

to power the node because it sharply reduces the entire lifetime of the node. Thus,

there is always a trade-off between the node size and power density of the battery.

Research has received substantial focus in the direction of enhancing the energy

density of energy storage elements[16][17][18].� Several energy efficient mechanisms were proposed in the literature to prolong node

life cycle and improve network performance level. These include adaptive duty cycle

strategies[19][20], energy efficient Medium Access Control (MAC) protocols[21][22],

power-aware routing and scheduling[23][24][25], adaptive sensing rate[26], tiered

system architecture[27], and redundant node placement[28][29]. Although these

energy efficient mechanisms can extend the life of sensor node but lifetime is still

restricted because of limited energy resources. A sensor node consumes all energy

after a specific period of time and stops functioning.

Table 1.2 includes the power consumption of some commercially available sensor nodes

in different operating modes[30]. It also highlights the impact of node duty cycle and

storage capacity on the lifespan of nodes.

Table 1.2: Power consumption in WSN

Node Transmit
mode (mA)

Receive
mode (mA)

Sleep
mode
(mA)

Duty
cycle

Operating
voltage (V)

Batteries
(Alkaline AA
cells)

Battery life
cycle (days)

MicaZTM - - - 0.70 2.7 2 170

XBeeTM 45 50 10 0.51 2.8 2 230

Fleck3 36.8 18.4 80 0.27 3.3 3 440

1.5 Energy Harvesting Wireless Sensor Networks

Strict energy constraints and requirement of the uninterrupted life cycle of sensor node

makes the ground for incorporating energy harvesting mechanism in wireless sensor net-

works. The term strict energy constraints points to the fixed charging capacity of con-

ventional batteries. Because once the battery is fully discharged, replacement is the only

option. Especially in remote areas (e.g. military or under water scenarios) where the

replacement is not possible, the sensor node is dead after energy depletion state. Energy

harvesting technologies conquer the major constraints in WSNs that arises because of high

power requirements of the sensor node and limited lifecycle of energy storage elements.

The environmental sources power the WSN by small but infinite energy providing that
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the lifetime of the sensor node is not limited by stored energy but dependent upon the

reliability of WSN hardware/software and efficiency of energy harvesting module. Figure

1.7 shows the comparison of energy usage in battery operated and energy harvested sen-

sor nodes. It is depicted that battery operated node discharged monotonically without

any recharge option. On the other hand, energy harvested node recover its charge at dif-

ferent time instants with respect to availability of solar energy. The different harvesting

intervals are the different time instants at which solar energy is available to recharge the

node and that can be defined in minutes, hours or days[31].

arvested Energy

Battery

Time

E
n

er
g
y

Figure 1.7: Comparison of energy usage in battery operated and energy harvested
sensor nodes

Energy can be harvested from several environmental sources including solar and wind in

outdoor installations, artificial light from indoor deployments, and heat from radiators.

The energy harvesting wireless sensor networks have advanced sensor designs that are

capable of harvesting energy from the environment and have the potential for perpet-

ual network operations. The advantages of environmentally powered WSN over battery

operated WSN are the decreased cost of maintenance, minimum need for battery re-

placement, environmentally suitable energy source, reduced battery waste, and reduced

human involvement[32].

1.5.1 Energy Harvesting WSN Node

Energy harvesting WSN node has the same hardware configuration as in conventional

node except the power supply unit[33]. The fundamental components of a wireless sensor

node with energy harvesting capability is shown in Figure 1.8. Energy harvesting unit,

such as solar panel has the ability to harness the ambient energy and convert it into

electrical form. This form of energy support all node operations. The harvester output

is collected by power management unit. This unit delivers energy to the other system
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Figure 1.8: Architecture of wireless sensor node with energy harvester

components in an adequate proportion to prevent energy depletion state and store the

excess energy in energy storage unit for future usage. The rest of circuitry including

sensory unit, A/D converter, processing unit, transceiver unit, and memory performs the

same operation as in conventional WSN node but their operation has been controlled by

power management unit.

1.5.2 Energy Harvesting Technologies and Energy Sources

Ambient energy is available in many forms that have been considered for energy harvesting

[34][35][36][37]. These technologies have different potential power densities that ranges

from kilo watt to micro watt. Figure 1.9 depicts different energy harvesting sources. A

brief explanation of these sources with appropriate references is given below:

Biochemical Energy Harvesting uses electrochemical reactions to convert oxygen

and endogenous substances into electric power. The biofuel cells will act as enzymes/

catalysts and used for harvesting the biochemical energy that is further converted into

electricity. Even a human body contains many types of substances that have harvesting

ability such as glucose. Biochemical energy harvesting technique is biocompatible and

generates continuous power but its performance depends upon the availability of fuel

cells[38].

Wireless Energy Harvesting is of two types namely RF energy harvesting and reso-

nant energy harvesting.� In RF energy harvesting, electromagnetic waves are converted into electricity. The

rectifying antenna is used for this purpose. The energy source can be RF power from

Wi-Fi communications, mobile phones, microwave, television, and radio broadcast-

ing or electromagnetic waves of a specific wavelength. RF energy harvester can

generate power in micro-watts to milli-watts range. This factor depends upon the
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Figure 1.9: Different energy harvesting technologies

distance between RF source and energy harvester unit[39][40].� Resonant energy harvesting generates electrical energy using resonant inductive

coupling between two coils which are tuned at the same frequency[41]. An inductive

transformer coupled to primary coil transmit power to the secondary coil through

the air. The time-varying magnetic flux generated by primary coil crosses the

secondary coil and induce a proportional voltage. A strong electromagnetic coupling

between resonant devices can generate power over large distances.

Wind Energy Harvesting converts the air flow energy into electricity. A linear

motion of a large-sized wind turbine has been used for electricity generation. Minia-

ture wind turbines generate sufficient energy level to power the sensor nodes. Unpre-

dictable flow and fluctuations in wind strength are the main research issues in this

approach[42][43][44][45].

Thermal Energy Harvesting has been categorized into thermoelectric and pyroelec-

tric energy harvesting.� Thermoelectric energy harvesters generate electrical energy by thermal gradients

using thermoelectric power generators. The process is based on the Seebeck effect.

According to this principle, an electric voltage is generated when two different

metals joined at two junctions are kept at different temperatures. This process
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will produce a voltage which is directly proportional to the temperature difference

between hot and cold plates. The energy is harvested till the temperature difference

has been maintained[46].� Pyroelectric energy harvesting uses time-varying temperature changes of pyroelec-

tric materials. Time-dependent heating or cooling of these materials change the

crystal structure of materials by altering atom positions. The crystal should con-

tinuously be subject to temperature changes for proportional voltage generation

otherwise generated voltage will diminish due to leakage[47].

Thermoelectric energy harvesters generate high energy levels as compared to pyroelectric

energy harvesting but energy efficiency of later technique is high.

Photovoltaic Energy Harvesting converts the light from indoor and outdoor sources

such as solar or artificial light into electric form by PV cells. Photovoltaic cell releases

electrons when exposed to the light[48]. Photovoltaic energy harvesting provides high

power levels as compared to other harvesting technologies and suitable for large-scale

energy harvesting units[49][50]. The efficiency of photovoltaic energy based systems is

highly dependent upon weather conditions[51][52].

Mechanical Energy Harvesting considers mechanical stress, strain, vibrations, pres-

sure, rotational movements, mechanical force, and fluid as mechanical energy that is

converted in electrical form. The conversion of oscillations and displacements of a spring

mounted device within the harvester into electricity is the basic principle of mechanical

energy harvesting[53]. This type of harvesting is divided into three categories including

electromagnetic, electrostatic, and piezoelectric energy harvesting.� Electromagnetic energy harvesting follows the Faraday’s law of electromagnetic

induction. The electric voltage is induced by moving a magnetic material in a

magnetic field that is created by a stationary magnet. The movement of magnetic

material changes the flux and proportional voltage is generated[54]. Reliability

is the main advantage of this type of harvesting because of the absence of the

mechanical contacts between parts. The large size of electromagnetic components

is the main disadvantage for which it is difficult to design with WSN node.� Electrostatic energy harvesting utilizes the phenomenon of changing the capacitance

of vibration dependent variable capacitor[55]. Vibrations change the capacitance

of the fully charged capacitor by displacing the plates and proportional voltage is

generated. Due to the small size, these type of harvesters can be integrated into

sensor nodes but require extra voltage source to charge the capacitor initially.
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Table 1.3: Comparison of different energy harvesting techniques

Energy harvesting technology Potential power density

Mechanical Energy

Electromagnetic 4.0 µW/ cm3

Electrostatic 3.8 µW/ cm3

Piezoelectric 500 µW/ cm3

Photovoltaic Energy

Solar Indoor 10 µW/ cm2

Solar outdoor (Direct Sun) 15 mW/ cm2

Solar outdoor (Cloudy Day) 0.15 mW/ cm2

Thermal Energy

Thermoelectric Human: 30 µW/ cm2

Industry: 1 to 10 mW/ cm2

Pyroelectric 8.64 µW/ cm2

Wireless Energy Harvesting

RF 0.1 µW/ cm2 for GSM 900/ 1800 MHz

0.01 µW/ cm2 for Wi-Fi 2.4 GHz

Resonant 3 to 14 mW/ cm2

Wind Energy Harvesting 380 µW/ cm3

Acoustic Energy Harvesting 0.96µW/ cm3 at 100 dB

0.003 µW/ cm3 at 75 dB� In Piezoelectric energy harvesting, vibrations or pressure is converted into electrical

energy by using the piezoelectric effect. The principal is to put a strain on piezo-

electric material that causes charge separation in the harvester. It generates a pro-

portional electric field to produce voltage with respect to the stress generated[56].

The main advantage of piezoelectric material is a direct generation of proportional

voltage without an additional source of supply. Charge leakage and breakage are

the limitations of piezoelectric materials.

Acoustic Energy Harvesting uses continuous acoustic waves from the environment

to convert it into electrical energy by acoustic transducer[57]. The acoustic emissions are

present in the form of transverse, longitudinal, bending or hydrostatic waves with low to

high frequencies. This type of energy can only be harvested in the very noisy environment

and can generate a power level up to 0.96µW/cm3 which is lower than other harvesting

technologies.

Table 1.3 summarizes different energy harvesting sources with their potential power

densities[33]. From the above survey, it has been observed that solar energy is the most

readily available source of energy with sufficient energy conversion efficiency. Hence, out-

door employment of WSNs commonly employs solar energy as harvesting source. Some

existing solar energy harvesting platforms are Heliomote, Prometheus, and Ambimax with

practical deployments. Table 1.4 shows the specifications of different solar energy harvest-

ing sensor nodes including solar panel size, panel output, energy available (mWh/day),

sensor node used, battery type, and battery capacity.
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Table 1.4: Specifications of different solar energy harvesting sensor nodes

Node Name Solar
Panel Size
(in * in)

Solar
Panel
Power
(mW)

Energy
Avail-
ability
(mWh/day)

Sensor
Node

Storage Type Battery
Type

Battery
Capacity
(mAh)

Heliomote 3.75*2.5 190 1140 Mica2 Battery Ni-MH 1800

AmbiMax 3.75*2.5 400 1200 Telos Supercapcitor
(two 22pF) and
battery

Li-Poly 200

HydroWatch 2.3*2.3 276 139 TelosB Battery Ni-MH 2500

Prometheus 3.23*1.45 130 780 Telos Supercapcitor
(two 22pF) and
battery

Li-Poly 200

Everlast 2.25*3.75 450 2700 - Supercapcitor
(100F)

- -

Sunflower - 4 Pin
photo
diodes
20mW

100 - Supercapcitor
(0.2F)

- -

SolarBiscuits 2*2 150 900 - Supercapcitor
(1F)

- -

1.5.3 Energy Usage

The way of energy usage by the sensor nodes depends upon the designed architec-

ture of the system and is categorised as: (i) Harvest-Use and, (ii) Harvest-Store-Use

configuration[33]. Figure 1.10 and 1.11 depict these two architectures and show the ad-

ditional components required in the later design.

Harvesting Energy

Sensor Node

Ambient Source

Figure 1.10: Harvest-Use architecture

The Harvest-Use architecture employs all harvested energy directly to power the sensor

nodes without any energy buffer. If the energy is below threshold level, the node will

stop functioning. The required supply voltages and drawn currents of different sensor

nodes have been enlisted in table 1.1. For an uninterrupted operation of the node, the

energy harvester should provide the power output above the minimum threshold level
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Figure 1.11: Harvest-Store-Use architecture

continuously otherwise node will stop working. The node resumes its operation only

when sufficient energy is harvested again. Another shortcoming of this configuration is

the wastage of unused energy[33]. The efficiency of operation degrades in this type of

configuration as the node is dead in case of energy deficiency.

These limitations have been addressed in Harvest-Use-Store architecture by integrating

energy storage components in system architecture. In this configuration, energy buffers

have been added in system design which are charged by energy harvester (producer) and

discharged by sensor node (consumer). The system will behave like Harvest-Use configu-

ration when production rate is equal to or less than consumption rate. In those conditions

when the harvested energy is more than the required energy, the excess energy will be

saved by storage components for later use. The advantage of above-mentioned configu-

ration is the uninterrupted operation of the node in case of unsuitable energy harvesting

conditions or high consumption rate than energy generation. These two architectures

have their specific characteristics and suitable for different applications.

1.5.4 Energy Neutrality for Sustainable Operation

In energy harvesting WSNs, certain considerations are different from battery operated

networks. Instead of limiting the maximum energy usage, the network has a limit on

the maximum rate at which the energy can be utilized. Secondly, harvested energy is

non-deterministic in nature, so efficient energy utilization is of prime importance. As

long as the energy generation rate is higher or equal to the consumption rate, energy

does not put a limitation on the life cycle of the node. This operating state is known as

the Energy Neutral Operation (ENO) or sustainable state[58]. The operating conditions
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Figure 1.12: Operation of sensor node in different energy expenditures

where the generation rate of harvested energy is much higher than required, the excess

energy should be utilized to optimize the network performance level. Thus, the energy

harvested WSNs have a twofold goal: the first is to achieve sustainable operation and

second is to maximize the system performance. This state is referred to as ENO-Max

state in which optimal sustainable performance level with a desired operating point is

achieved while balancing the energy generation and consumption rates. Figure 1.12

[58] shows the operation of a sensor node in different energy expenditures. The node

operates in sustainable mode if it harvests more energy than it consumes and should

put all energy that it harvests to maximize the performance (ENO-Max). On the other

hand, if the expenditure is more than energy generation rate, energy put a limit on

sensor life cycle. To achieve the goal of sustainability and system performance, all the

network protocols and services should utilize the available energy efficiently. Secondly,

energy harvesting arises the need for adaptability. Due to the random and unpredictable

nature of ambient sources, the network protocols and services should adapt their energy

consumption profiles with respect to energy availability[58].

A practical solution of sustainable operation and maximized performance is the use of

energy buffers or Harvest-Store-Use approach that satisfies the sudden additional energy

requirements while maintaining the residual energy level of buffer between the maximum

and minimum thresholds[33][58].

1.6 Harvesting Aware Power Management

For efficient use of energy resources and effective management of node hardware, harvest-

ing aware power management techniques are required with intelligent hardware solutions.

These power management techniques schedule the energy in such a way that the network
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performance is efficiently maximized without the chances of the battery under or overflow

and leads to an uninterrupted node operation [58][59].

1.6.1 Adaptive Power Management Approach

Adaptive power management approach adjusts the node duty cycle with respect to energy

availability. The node operates on decreased duty cycle when energy is not sufficient

to maintain the high-performance level and vice-versa. Based on the historical data

set, a prediction model estimates the future availability of energy and power control

unit adjust the operational parameters accordingly. The adaptive duty cycle approach

will significantly enhance the overall network performance by ensuring[58], (a) energy

consumption by the load should not be more than that of energy availability (direct and

stored energy), (b) adjusts the dynamics of the system according to the energy source

in the field and, (c) enhance the network performance with respect to application utility

model.

1.7 Motivation for the Research

Several energy harvesting techniques were implemented in the last few years by recog-

nizing their long-term autonomous operation. Ambient energy powered wireless sensor

nodes can run over long time period without any human involvement. When a specific

type of energy harvesting system is implemented for a typical application area, a number

of system design parameters need to be considered to enhance the efficiency of the har-

vesting platform and to meet the application requirements. High system efficiency means

that weight, cost, size, and life cycle of the system should be as efficient as expected.

Thus, designing of a simulation level system model is important to integrate the physical,

electrical, and other system modules practically.

The objectives of the work is to optimize the performance of environmentally powered,

self-sustaining wireless sensor node. By considering all constraints, the wireless sensor

node should follow energy efficient and parameter optimization principles. The proposed

work aims to optimize environmentally powered wireless sensor network by considering

theoretical and practical implementations. To achieve this goal, an analytical approach

has been adopted that consider the trade off between energy generation, energy consump-

tion, and power management of the system. A systematic solution to this problem has

been proposed that is validated by extensive simulations.
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1.8 Thesis Statement

This thesis focuses on statistical analysis and analytical modeling of the energy harvesting

wireless sensor nodes. The research objectives of this study have been divided into four

parts and summarized as follows:

1. Development of modified prediction algorithm for energy harvesting.

2. Optimization of forecasting algorithm to predict future energy more accurately.

3. To optimize average duty cycle for a node in an adaptive duty cycle algorithm to

meet performance requirements.

4. Comparison of the proposed technique with the existing ones.

1.9 Research Methodology

To fulfil the objectives of the thesis, the work has been segregated in three stages. Figure

1.13 shows the methodology of the proposed work. In the first stage, work is carried

out for accurate pre-estimation of solar energy. For this, the Exponential Weighted

Moving Average (EWMA), Weather Conditioned Moving Average (WCMA), Pro-Energy

algorithms are analyzed analytically and time series approach is adopted to optimize the

Pro-Energy algorithm. The precise solar estimations for few hours ahead time horizons

have been achieved. In the second stage, work is done for long-term forecasting and

adopt machine learning approach for solar prediction. Five machine learning models viz;

FoBa, leapForward, Spikeslab, Cubist and bagEarthGCV are applied and their ensemble

approach is introduced for highly stable and precise results. In the third stage, work is

done for the optimization of node duty cycle. The forecasted information about solar

irradiance is used to calculate energy budgets for different operations of the sensor node.

Dynamic programming approach is used to formulate different energy models of a node

aimed for high and stable average node duty cycle.

1.10 Thesis Organization

A brief summary about individual chapters is presented in the following section:

Chapter 1 presents the introduction about energy harvesting wireless sensor networks.

It includes wireless network structures and practical concerns about resources and de-
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Figure 1.13: Research methodology

signing of sensor nodes. Different energy harvesting technologies are discussed and anal-

ysed.

Chapter 2 provides in-depth survey of energy harvested wireless sensor networks. It

includes review on different solar irradiance forecasting approaches and analysis of their

advantages and disadvantages. A detailed review has also been presented on adaptive

power management techniques and summarizes the solutions in terms of detailed study

of different protocols, transmission and reception techniques, scheduling, and routing

strategies.

Chapter 3 presents the basics of solar irradiance and solar forecasting. Based on the

energy constraints in this area, a detailed theoretical analysis of energy harvesting systems

is carried out. Solar irradiance prediction empowers the system to make dynamic tradeoffs
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between energy consumption, system operation, and operational fidelity to attain an

energy neutral operation. From the detailed literature survey, it is observed that a further

improvement in prediction accuracy is required to predict the trace close to real irradiance

profile. In the proposed work, a modified Pro-Energy algorithm for energy forecasting

is developed using the time series analysis. By using the trend and level components of

a time series in solar irradiance forecasting, the average growth of irradiance (increasing

or decreasing) and a constant value for irradiance has been estimated at the end of each

time slot. The estimated trend represents a long-term change in irradiance level of the

solar energy. Thus, it provides the approximation about irradiance levels for the future

time slots. The methodology for optimization of Pro-Energy algorithm is presented and

each step is explained in detail. For the validation of effectiveness of proposed approach,

comparison with existing approaches is presented in section 3.9. This chapter covers the

first and fourth objective of proposed thesis.

Chapter 4 explains the basics of machine learning methodology together with the en-

sembled techniques. Machine learning is an approach of data analysis for the analytical

model building. Brief theory of five machine learning models with procedure is presented

and advantages of ensembled approach over independent models are given. Machine

learning is applied to historical solar intensity observations as a training dataset to cal-

culate future solar irradiance for different forecasting horizons irrespective of seasonal

variation and input parameters availability. To achieve more precise forecast, Statistical

Ensemble (SE) approach is used on machine learning models to circumvent the effect

of forecasting horizon and seasonal variability. Optimal characteristics of accuracy and

stability are obtained by aggregating base machine learning models. The statistical en-

semble performs generalized mean ensemble including Pythagorean means (arithmetic,

harmonic and quadratic means) and median rule. The performance of presented models

is analysed for different weather conditions, different forecasting horizons, and different

historical parameters. These results are given in section 4.5.2. This chapter covers the

second objective of proposed thesis.

Chapter 5 presents the proposed energy efficient power management approach for en-

ergy harvested wireless sensor node. Analytical models of different energy profiles of a

node are described. In proposed work, an integrated approach of energy assignment prin-

ciples with adaptive duty cycling is introduced to efficiently utilize the available energy.

Initially, the node duty cycle is dynamically adjusted with respect to the estimation of

available energy and then subject to real-time changes according to measured solar irra-

diance profile. Machine learning based solar irradiance prediction is used to pre-estimate

the node duty cycle. Real-time changes in computed duty cycle are implemented by
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proposed adaptive duty cycle algorithm. The linear programming based intense calcula-

tions are replaced by simple mathematical programming which offers low computational

complexity. The proposed work offers minimum variation in node duty cycle in case of

unstable environmental conditions and undesired hardware degradations. The effective-

ness of proposed work is validated by extensive simulations on real-time solar energy

profiles in terms of magnitude and stability of sensors average duty cycle. The proposed

work is compared with existing power management approach and shown in section 5.3.

This chapter covers the third and fourth objective of proposed thesis.

Chapter 6 concludes this thesis by summarizing the findings of the proposed work,

highlighting the future work, and presenting final remarks.

All the work proposed in this thesis aim to optimize an environmentally powered wireless

sensor network that has a perpetual life cycle and satisfies energy efficiency and network

performance.
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Chapter 2

Literature Survey

This section describes the work carried out by the various researchers so far in the field

of energy harvesting in wireless sensor networks. A literature survey has been carried

independently for solar forecasting and node level power management.

2.1 Solar Forecasting

Dependency on meteorological conditions causes renewable energy resources to be in-

consistent. Under this constraint, reliable solar irradiance forecast on different time

horizons is essential for developing and utilizing solar energy based systems. As a se-

quel, research on solar irradiance forecasting has been germinated along with the areas of

forecasting theory[60][61][62], solar physics[63], stochastic processes[64][65], and machine

learning[66][67].

Meza et al.[68] presented a comparison between temperature dependent and sunshine

hour dependent models. It was observed that temperature-dependent empirical models

have large correlation coefficient than cloud cover dependent models in weather condi-

tions of Chile. The main issue with empirical models was the availability of various

meteorological parameters and their calibration for different locations. Reikard et al.[69]

run forecasting tests over regression in logs, Autoregressive Integrated Moving Average

(ARIMA), transfer functions, Neural Networks (NN), and hybrid models. It was observed

that at high resolutions, a transfer function using cloud cover achieved high accuracy than

ARIMA. At very high resolutions, NN and hybrid models improved the solar forecast.

ARIMA obtained good results in logs with time-varying coefficients and effective in cap-

turing the diurnal cycle of solar radiation. Khatib et al.[70] presented a review of solar

radiation modeling and prediction techniques. Global and diffuse solar energy models for

radiation modeling and linear, nonlinear, and artificial intelligence modeling techniques

for prediction were studied. It was observed that ambient temperature, sunshine ratio,

and relative humidity were the most relevant parameters for solar energy prediction.

Inman et al.[60] reviewed different forecasting methodologies and solar forecasting based
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applications at the utility scale level. The stochastic learning methods including Au-

toregressive (AR), Moving Average (MA), Autoregressive Moving Average (ARMA) and

ARIMA take the advantage of correlated patterns of solar irradiance and applied to

different forecasting horizons. Artificial Neural Networks (ANN) were non-linear ap-

proximators and successfully forecast the solar irradiance on intra hour to yearly ahead

time horizons. The satellite data in conjunction with regression techniques provided

an alternative to ground-based pyranometers and forecasting on intra-hour to intra-day

ahead time horizon. Limited spatial resolution of satellite images and satellite sampling

frequency put spatial and temporal limitations on these methods. Numerical Weather

Prediction (NWP) methods gain high attention for long term forecasting horizons and

lead to modeling of temporal progression of cloud cover in poor ground network areas.

Integration of stochastic learning methods with satellite/NWP methods and assimilating

meteorological data from sky imagers was suggested to achieve high forecasting accuracy

in different time horizons.

Diagne et al.[71] reviewed statistical models and NWP models for solar forecasting. In sta-

tistical models, time series models, sky image-based models, satellite data-based models,

Wavelet models, and ANN models were included. NWP models utilized the reproduction

of physical systems. It was observed that selection of a particular forecasting approach

was highly influenced by the availability of data and forecasting horizon. Simulation

results showed that for short-term forecasting horizon, ARIMA achieved satisfactory re-

sults whereas for long-term forecasting, European Centre for Medium-Range Weather

Forecasts (ECMWF) with Model Output Statistics (MOS) post-process gained high pre-

diction accuracy. In the condition of high atmospheric uncertainty, hybrid models and

sky imagery approach improved the forecasting results. Yadav et al.[72] and Kadiyala et

al.[73] reviewed different ANN based solar radiation prediction models on horizontal and

inclined surfaces. The Multilayer Perceptron (MLP), Radial Basis Function (RBF), Gen-

eralized Regression(GM), and Bessian Neural Network(BNN) were analysed with back

propagation Levenberg-Marquardt (LM) training algorithms. Simulation results showed

that MLP with LM learning algorithm and hyperbolic tangent sigmoid in hidden layer

gained high prediction accuracy than Angstrom, conventional, linear, nonlinear and fuzzy

logic based models.

Besharat et al.[74] presented a review of global solar radiation models and categorized

them in four sections including sunshine based models, cloud information-based models,

temperature-based models, and other meteorological parameters based models on the

basis of model input. All the models carried empirical constant that depended upon

geographical location and season of the year. The results showed that sunshine based
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models were more accurate among the four categories. In the absence of sunshine infor-

mation, air temperature based models were good alternatives. The temperature range

was the main influencing factor for model accuracy. Cloud information based models

also provided good results but were sensitive to human biasing. The other meteorological

parameters based models reported good prediction of solar irradiance but a large number

of required input parameters were not readily available.

Wang et al.[75] investigated three ANN models for solar irradiance prediction in different

weather conditions. The Multilayer Perceptron (MLP), Generalized Regression Neural

Network (GRNN), and Radial Basis Neural Network (RBNN) used sunshine duration,

air temperature, air pressure, relative humidity, and water vapour pressure as input

parameters to predict daily global solar radiation. The Bristow-Campbell (B-C) model

was also investigated. The results showed that MLP and RBNN models provided high

prediction accuracy than GRNN and B-C models. Antonanzas et al.[76] presented a

review on different photovoltaic power forecasting techniques. Statistical approaches were

found more accurate than parametric ones and resource variability would be reduced by

spatial averaging than independent sites. Results showed that for long-term forecasting,

NWP models achieved high-performance matrix. Recent research in this area validated

the effectiveness of machine learning approaches in terms of prediction accuracy and ease

of modeling without the need of various meteorological parameters. Chaturvedi et al.[77]

studied different solar forecasting techniques. In physical models, cloud imagery, satellite-

based, and NWP models were considered. In the results, first two models were found

effective in those cases where no other data was available and suffered from spatial and

temporal limitations. The NWP models were suitable for long-term forecasting.

Mohanty et al.[78] presented a survey on the present status of India in Photovoltaic

(PV) energy harnessing and use of renewable energy sources. The requirement of solar

forecasting was discussed and various forecasting approaches were analyzed. Different

balancing methods for effective control infrastructure were analyzed for power grid man-

agement in India. Raza et al.[79] analyzed different factors related to PV power profile

and PV power forecast that were considered as inputs for forecasting model to improve

prediction accuracy. Solar radiation, speed and direction of wind, atmospheric tempera-

ture, aerosol index, and humidity were considered as relevant factors that affect PV plant

output. Different stochastic and artificial intelligence approaches were also investigated.

It was concluded that AR, MA, ARMA, and ARIMA based statistical approaches were

suitable when less number of meteorological parameters were available while ANN and

fuzzy/genetic algorithm based approaches were effective in dynamic environment for pro-

viding improved nonlinear approximations and effective in handling uncertainty in solar
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Figure 2.1: Different solar forecasting techniques

radiation profiles. Voyant et al.[80] investigated different solar forecasting methods using

machine learning approaches. Simulation results showed that Support Vector Machine

(SVM), regression tree, and random forest gave satisfactory results and exhibited sim-

ilar error statistics. It was also observed that predictor ensemble approach gave high

prediction accuracy than individual predictors.

Gagne et al.[81] analyzed different combinations of statistical learning methods and

weather data from different sites to identify the best in terms of low prediction error.

The results demonstrated that the configurations of statistical model have a great im-

pact on sharpness versus smoothness of the model fit. The use of a large and diverse

training dataset was also suggested to improve the performance of forecasting models.

Results also showed the effect of spatial and temporal profiles of input variable on model

performance. Different solar forecasting techniques are depicted in Figure 2.1 and a brief

description of these techniques is given in the subsequent sections.
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2.1.1 Statistical Models

2.1.1.1 Time Series Models

Thornton et al.[82], Trabea et al.[83], Meza et al.[68], Winslow et al.[84], El-Metwally et

al.[85], and Liu et al.[86] investigated the correlation between measured solar irradiance

and different meteorological parameters. The work was done to trace a set of empirical

models for accurate prediction of solar radiation using relevant meteorological parameters.

It included mean values of maximum temperature, relative humidity, vapour pressure,

sea level pressure, and sunshine hours. In the obtained results, correlation coefficient

varied from 0.86 to 0.99 for different geographical parts. Winslow et al. presented a

Vapour Pressure Radiation (VP-RAD) model for daily solar radiation prediction. Liu et

al. concluded that B-C model had high correlation of its parameters with other factors

that make it suitable for solar radiation measurement without calibration. El-Metwally

et al. proposed three solar radiation prediction methods which were based on cloud

cover information, maximum and minimum temperature values and extraterrestrial global

radiation. The models were non-linear and included Four Parameter Polynomial (4PP),

Five Parameter Polynomial (5PP), and Five Parameter Exponential Polynomial (5PEP).

The standard least square error procedure was used to fit these equations. A comparison

was carried out with Supit-Van Kppel model and Angstrom-Prescott method on daily,

monthly and seasonal basis, and under different sky conditions. The results showed that

the method outperform the Supit-Van Kppel method and had similar error matrix with

Angstrom-Prescott method. Since later method was a sunshine duration method, in

the absence of sunshine duration, the given method could be used for solar irradiance

estimation. Hocaoglu et al.[87] introduced a visualization approach to analyse and model

one year hourly solar radiation data. Using this approach, nine analytical two dimensional

surface fitting models were designed and compared. The gaussian surface model was found

most accurate for data characterization purposes. Results revealed that in comparison to

neural networks, the analytical surface model provides more generalized form and suitable

for various geographical locations.

Janjai et al.[88], Pandey et al.[89], Lee et al.[90], and Wang et al.[91] developed semi-

empirical models for the prediction of clear sky global and direct normal irradiances

in tropical environment. Janjai et al. used aerosol parameters, total column ozone,

precipitation, zenith angle, wavelength exponent, and air mass to model global and direct

normal irradiances as empirical functions. Pandey et al. employed day of the year, hour

of the day, solar constant, latitude and longitude of the selected location, and optimized

parameter values to calculate solar isolation parameter for implementation of empirical
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transmission function to estimate solar irradiance. Wang et al. proposed Empirical Mode

Decomposition (EMD) based solar forecasting algorithm while considering environmental

factors into forecasting models of individual decomposed sub series. The results showed

that the accuracy of EMD model was comparable with existing physical models. Lee

et al. observed that maximum value could be taken at inclined angles between 20◦ and

40◦ with azimuth angles from 150◦ to 210◦. Khorasanizadeh et al.[92] analysed thirteen

pre-existing clearness index based diffuse radiation models. The models were analysed

on the basis of diffuse fraction and diffuse coefficient with clearness index as the sole

input variable. Based on analysis data, twenty-six new models were established for daily

and monthly average solar irradiance predictions for Kerman, Iran. It was observed that

diffuse fraction model in linear form was most suitable for daily solar predictions while

diffuse modeling coefficient in linear form gains high prediction accuracy for monthly

average solar predictions. The suggested models were computationally simple as clearness

index was the only parameter that is required for global solar irradiance forecasting.

Zhu et al.[93] presented a semi-empirical model to estimate clear sky Direct Normal

Irradiance (DNI). The wavelet technology based forecasting model decomposed the non-

stationary series of clear sky index to obtain four sub-series with different frequencies.

The forecasting models were designed according to the characteristics of corresponding

sub-series and estimate intra hour DNI under all sky conditions.

Renner et al.[94] presented an adaptive slotting scheme for real time adaption of energy

harvesting patterns by sensor node. An integration of given slotting approach with es-

tablished forecasting algorithms lead to significant improvement in short and long term

forecast accuracy while preserving low memory footprints. The approach achieved de-

pletion safe operation of node and efficient task scheduling with few adjustments in duty

cycle. Hyndman et al.[95], Piorno et al.[96], Taylor et al.[97], Dong et al.[98], and Dehwah

et al.[99] provided a state space framework that include an extended range of exponen-

tial smoothing methods. Hyndman et al. carried out the computation of prediction

intervals, likelihood, and model selection criteria to the data from M-competition and

M3-competition. Taylor et al. proposed Singular Value Decomposition (SVD) based ex-

ponential smoothing formulation for one day ahead solar forecasting. Dong et al. used

exponential smoothing approach with fourier trend model and validated that the given ap-

proach showed better performance in comparison with Autoregressive Integrated Moving

Average (ARIMA), Linear Exponential Smoothing (LES), Simple Exponential Smooth-

ing (SES), and Random Walk (RW) models, tested on same data set. The application

could be extended to two dimensional irradiance forecast where a forecast irradiance map

could be generated using 2D spline interpolated trend surfaces. Dehwah et al. presented

adaptive weighting parameter based Weather Conditioned Moving Average (WCMA) so-
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lar forecasting algorithm that considered current and past day weather conditions and

successfully reduced the relative mean error to 10% during unstable weather conditions.

In conjunction with energy management algorithm, it effectively utilized the available

energy under real working conditions. Consideration of real time energy measurements,

a set of historical profiles, and lack of tuning parameters made the method robust and

suitable for distributed energy harvesting based applications such as wireless sensor net-

works.

Bacher et al.[100], Dazhi et al.[101], Salcedo-sanz et al.[102], Trapero et al.[103], Verzijl-

bergh et al.[104], and David et al.[105] used adaptive linear time series models including

Autoregressive (AR) and Autoregressive with Exogenous Inputs (ARX) from Numerical

Weather Predictions (NWP) and Generalized Autoregressive Conditional Heteroskedas-

ticity (GARCH) to predict normalized solar power. Dazhi et al. used three types of

meteorological input parameters including Global Horizontal Irradiance (GHI), Diffuse

Horizontal Irradiance (DHI) and Direct Normal Irradiance (DNI). It was observed that

ARX model with NWP inputs and consideration of cloud cover conditions make solar

power observations suitable for a horizon up to 36 hours ahead. The collaboration of

GARCH with ARMA allowed consideration of the prediction interval associated with

point forecast that lead to a probabilistic forecast. Salcedo-sanz et al. proposed Gaus-

sian Process Regression (GPR) for solar radiation estimation. The associated parameters

were deduced by type-II Maximum Likelihood (MLII) to make analytical expressions of

observed variations that lead to computationally efficient model. The results showed the

effectiveness of Temporal GPR (TGPR) over other statistical regression techniques in

terms of prediction accuracy and bias. Trapero et al. used univariate dynamic harmonic

regression model for short term forecasting using Global Horizontal Irradiation (GHI)

and Direct Normal Irradiation (DNI). Instead of two steps procedure consisting of de-

seasonalizing the time series and modeling the residuals, the procedure involved in single

step recursive method with adaptive predictions. To enhance the forecast accuracy of

NWP models, Verzijlbergh et al. presented a Model Output Statistics (MOS) routine

which was based on stepwise linear multivariate regression method. The results showed

that large set of meteorological variables improved the prediction accuracy and lead to

probabilistic forecast.

Li et al.[106] and Kaplanis et al.[107] proposed a trigonometric model with sine and cosine

waves for global solar radiation prediction on horizontal surface and compared with three

existing trigonometric correlation models proposed by Bulut et al.[108] and Al-salaymeh

et al.[109]. Kaplanis et al. proposed cosine function based average daily solar irradiance

predictor on a horizontal plane. For a latitude of 0° to 23°, two cosine functions were
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obtained by regression analysis using a sum of 3 to 8 gaussian functions and for a latitude

of 23° to 71°, two cosine parameters were obtained by a sum of two exponential functions

or a product of an exponential and a cosine function. Number of days was the only

required parameters for solar prediction. The model was successful in those areas where

meteorological data is not readily available.

Cammarano et al.[110], Hocaoglu et al.[111], and Akarslan et al.[112] presented a novel

multi-source energy prediction model for short and medium term forecasting horizon

which was based on the selection of similar day from the past records to predict present

day. Prediction was performed by calculating the Euclidean distance between search

vector and data belonging to similar day. A search vector was built that carried data from

early morning to the desired prediction hour. The algorithm allowed combining multiple

energy profiles to improve energy prediction accuracy. Comparison was performed with

EWMA and WCMA and results showed an improvement in prediction accuracy up to

60%. Hocaoglu et al. introduced Mycielski model that traces the most similar sub-array

pattern from the recorded hourly solar radiation data. The model started with the last

recorded value and searches for longest matching solar radiation data array which was

considered as prediction. In case of multiple sub-arrays, a Markov chain was used to set

probabilistic relation of sub-patterns.

Yang et al.[113] and Amod et al.[114] developed a finite fourier series model to analyse

monthly average solar insolation and presented a forecast method which was based on

extended fourier series model in the least squares to predict monthly movement of average

solar insolation. The forecast model was designed using optimum fourier coefficients with

least square method using previous monthly movements. The obtained fourier coefficients

with harmonics were used to predict its movements at subsequent time slots. The fourier

series evaluation model analysed monthly average solar radiation using 6-term fourier

series. The extended fourier series forecast model in the least square sense predicted

monthly movements by less than 6-terms fourier series.

Akarslan et al.[115] and Diagne et al.[116] applied linear filtering approach for solar fore-

casting. Akarslan et al. converted extraterrestrial irradiance and ambient temperature

in the form of 2-D image and correlation between different images was computed using

multi-dimensional linear prediction filters. Diagne et al. used Kalman filtering method to

improve an hour ahead GHI forecasting from measured GHI at the ground and forecasted

GHI from Weather Research and Forecasting (WRF). The relevant inputs for Kalman

filter were determined by bias error analysis. The solar zenith angle and clear sky index

were used for this analysis. The results illustrated that the approach achieved better pre-

diction accuracies in the range of 1% to 30% for multi-dimensional models as compared to

28



two dimensional ones. Kaplanis et al.[117] and Prema et al.[118] used time-based compos-

ite covariance that encoded time dependent features including seasonal trend, magnitude,

smoothness of periodic component, and variation in regular periodicity to account for the

nonstationary temporal behaviour of the signal. Kaplanis et al. implemented a stochas-

tic model for hourly profile prediction of global solar radiation based on one, two, or

three morning measurements of corresponding day. The model was validated with solar

measurements taken for spring, autumn, and winter season in Patra, Greece.

2.1.1.2 Artificial Neural Networks

Maier et al.[119], Atiya et al.[120] and Parlos et al.[121] reviewed neural network based

prediction models and discussed their designing steps including pre-processing and di-

vision of data, appropriate input parameters and network architecture, training weight

optimization, choice of performance criteria, and model validation. The impact of algo-

rithm optimization on prediction accuracy, training speed, and effect of stopping criteria

in determining optimum number of hidden layer nodes were also considered.

Kemmoku et al.[122] proposed multistage neural network for solar forecasting. The first

stage of Neural Network (NN), forecasted the average atmospheric pressure of next day

from previous day atmospheric pressure data. The second stage NN predicted insolation

level of next day from average atmospheric pressure and weather data of past day. The

third stage of NN forecasted the solar insolation of next day from insolation level and

weather data of previous day. Results showed a reduction in the mean error from 30%

(single-stage) to 20% (multi-stage). Jiang et al.[123] proposed an ANN based model for

monthly average diffuse solar radiation prediction. The solar radiation data from nine

different places of China with different climatic conditions was used for training and test-

ing the ANN models. The results were compared with empirical regression models that

validated the ability of ANN models to produce accurate solar estimations. Mellit et

al.[124] proposed a Multilayer Perceptron (MLP) model for 24 hours ahead solar radia-

tion forecasting. Daily average solar irradiance and air temperature were used as input

parameters. The configuration with one input layer within three neurons, two hidden lay-

ers within 11 and 17 neurons and 24 neurons in the output layer were found suitable for

forecasting. Quaiyum et al.[125] and Marquez et al.[64] introduced ANN based medium

term solar forecasting models, feeded with both endogenous and exogenous variables.

Quaiyum et al. presented feed forward neural network with thirty neurons in the input

layer and one neuron in the output layer. Marquez et al. used Gamma test combined with

genetic algorithm for the selection of input variables and collected meteorological param-

eters from National Weather Services (NWS) forecasting database. Results showed that
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the sky cover, probability of precipitation, maximum and minimum temperature were

the most important meteorological variables.

Fidan et al.[126] presented variational spectrum model using neural network over har-

monic data for the solar prediction. In the presented two step prediction model, hourly

solar radiation data of single day was considered and its periodic fourier series coefficients

were calculated in the first step. First two coefficients were considered for mathematical

modeling using Kaplanis approach[107]. In the second step, feed forward neural networks

with solar radiation data and model generated fourier coefficients as input parameters

were used to estimate solar behaviour. Alsina et al.[127], Ding et al.[128], and Aguiar

et al.[129] presented monthly average estimation of daily global solar radiation using

ANNs. Alsina et al. proposed feed-forward ANN with one hidden layer and used back-

propagation algorithm with seven climatologic parameters including Top of Atmosphere

(TOA) radiation, day length, number of rainy days, average rainfall, latitude, and alti-

tude. Aguiar et al. proposed ANN models with integration of ground measurements with

satellite generated exogenous inputs and NWP data for intraday solar forecast. Bayesian

frame work[130] was applied to optimize the ANN architecture by selecting relevant in-

puts and to improve ANN learning process. It was observed from the obtained results

that best results were obtained by combining NN, European Centre for Medium Range

Weather Forecast(ECMWF) and Satellite Data(SAT).

Voyant et al.[131] applied multilayer perceptron to four types of uncertainties including

the error due to measurement, machine learning uncertainty, the variability of time se-

ries, and error related to the horizon. By considering these error components, a global

uncertainty related to prediction efficiency could be estimated. A reliability index was

defined to estimate the validity of prediction.

2.1.2 Physical Models

Huang et al.[132] presented a Conformal Cubic Atmospheric Model (CCAM) and Global

Forecast System (GFS) to show the effects of simulated regional weather variability on the

solar irradiance forecast accuracy. It was observed that high resolution CCAM produced

more accurate results than low resolution GFS. The results showed that optimum scale

of spatial averaging reduced the extent of solar variability and enhanced the performance

of both models. Larson et al.[133] presented least square optimization of Numerical

Weather Prediction (NWP) for hourly averaged day ahead solar irradiance forecasting in

the American southwest[134][135][136][137]. The proposed methodology could be applied

without any prior knowledge of NWP model. It was observed that the method was
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suitable for modeling the complexity of power plant operations and compensated the

systematic errors for day ahead solar forecast.

2.1.3 Advanced models

2.1.3.1 Novel models� Support Vector Machine

Zeng et al.[138] presented a Least Square Support Vector Machine (LS-SVM) model

for short term prediction. Two dimensional atmospheric transmissivity, relative

humidity, sky cover, and wind speed were used as model inputs and predict atmo-

spheric transmissivity which was converted in solar power with respect to latitude

of the site and time of the day. Results showed that the model outperformed AR

model and RBNN models in terms of prediction accuracy. Jiang et al.[139], Li et

al.[66], and Belaid et al.[140] proposed nonlinear support vector machine based ap-

proach for daily and monthly average global solar radiation prediction. Jiang et al.

used hard penalty function based optimization model to forecast solar radiation.

Support vector machine approach was converted into a regularization problem with

ridge penalty and a hard penalty function was added to select the radial basis func-

tions. Glowworm swarm optimization algorithm was used to determine optimal

parameters of the model. Li et al. analysed Hidden Markov Model (HMM) and

Support Vector Machine (SVM) regression for short term solar irradiance forecast-

ing under different weather conditions. Use of irradiance cloud models generated

by sky cameras and data fusion techniques were suggested to improve the fore-

casting results. Belaid et al. considered ambient temperature, sunshine duration,

and extraterrestrial solar radiation as model inputs and presented a comparative

analysis with existing ANN models. The results showed that SVM models achieved

relatively same performance level compared to ANN based models.� Extreme Learning Machine

Grigorievskiy et al.[141] applied Optimally Pruned Extreme Learning Machine (OP-

ELM) for long term time series prediction. OP-ELM was used with recursive, di-

rect, and DirRec strategies with linear least square model and Least Square Support

Vector Machines (LS-SVM). It was observed from the results that DirRec strategy

with LS-SVM lead to heavy computations in comparison to OP-ELM that allowed

reasonable computational time for DirRec strategy. It was also shown that an

ensemble of three strategies for OP-ELM could highly improve the prediction ac-
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curacy. Wu et al.[142] introduced Self Organizing Map-Optimally Pruned Extreme

Learning machine(SOM-OPELM) model for short term solar radiation prediction.

Data segregation was done by SOM and prediction model was built by OPELM.

Multi-step prediction was also performed using three time series strategies including

recursive, DirRec, and Multiple Input Several Multiple Output approach(MISMO).

Results showed that the SOM-OPELM approach with DirRec strategy lead to ac-

curate solar predictions. Deo et al.[143] proposed an Extreme Learning Machine

(ELM) based computationally efficient data-driven forecasting approach for diffuse

and global, Very Short-Term Reactive (VSTR) Ultraviolet Index (UVI) forecast.

The model utilized the solar zenith angle data to identify real-time sun protection

behavior recommendations.� Machine Learning

Friedman et al.[144] introduced Multivariate Adaptive Regression Splines (MARS),

a method for regression modeling of high dimensional data. The approach combined

recursive partitioning and spline fitting while retaining the positive aspects of both.

MARS procedure retained the adaptive property of recursive partitioning as it

permits the recursive splitting of all basis functions in the model and generates

continuous models by replacing step functions. MARS approach showed satisfactory

interpretability through Analysis of Variance (ANOVA) decomposition. Quinlan et

al.[145] presented a method for combining model based and instance based learning

for prediction. The composite approach was implemented with three model learning

methods including linear regression, model trees and neural networks. Results

validated that the composite method achieved high prediction accuracy than either

model based or instance based approaches.

Wang et al.[146] proposed reconstruction of a machine learning method M5 for

inducing model trees from empirical data. A public domain scheme was provided

to induce models from data that involved continuous classes. The advantages of

the method were compact model design and efficient dealing with enumerated and

missing attribute values[147]. Zou et al.[148] introduced elastic net, a regularization

and variable selection method. The elastic net is a generalization of Lasso approach

which is a suitable tool for feature selection and model fitting. The given approach

generated sparse model with high prediction accuracy and effective grouping effect.

The elastic net offered low misclassification errors on microarray data and performed

automatic gene selection.

Moghaddamnia et al.[149] used Gamma test in combination with different non-

linear modeling techniques to predict daily solar irradiance from meteorological
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parameters. Extraterrestrial radiation, daily average temperature, daily maximum

temperature, wind velocity, and precipitation were used for prediction of solar radi-

ation. The required data size was calculated using M-Test. Local Linear Regression

Model (LLR), Elman Neural Network (ENN), Multilayer Perceptron (MLP), Neu-

ral Network Autoregressive Model with Exogenous Inputs (NNARX), and Adaptive

Neuro-Fuzzy Inference System (ANFIS) with LM algorithm were analyzed. It was

concluded that the performance of ANFIS model was not satisfactory for solar

prediction but LLR and NNARX were very much suitable for this research area.

Ishwaran et al.[150] described R software based Spikeslab package for implement-

ing spikes and slab prediction and variable selection approach. Zhang et al.[151]

investigated the problem of learning sparse representations with greedy algorithms.

The work was focused on feature selection and reconstruction of the target function

from noisy observations. A combination of Forward Greedy Algorithm with Adap-

tive Backward Step Feature (FoBa) was proposed. Results showed that FoBa gave

smaller training error than forward greedy or L1 regularization problem for any

level of sparsity that lead to better estimation results. For correlated high dimen-

sional problems, weighted ridge regression offered satisfactory performance level.

The Bayesian spikes and slab models could efficiently compute such estimators and

effective in forecasting.

Gala et al.[152] applied Support Vector Regression (SVR), Gradient Boosting Re-

gression (GBR) and Random Forest Regression (RFR) to generate a hybrid model

that improve solar radiation forecast. It was observed that the forecast could be

improved by aggregating daily solar radiation and generating hourly radiation val-

ues by disaggregating daily radiation using ECMWF. Then again generating hourly

values using empirical curve yields the best prediction results. Persson et al.[153]

proposed a non-parametric machine learning approach for multisite solar power

generation prediction on 1 to 6 hours ahead of time horizon. The Gradient Boosted

Regression Trees (GBRT) was analyzed and optimized using 5-fold cross-validation.

Results showed that fitting the GBRT model on raw and normalized data result

in the consistent response of the model to the scaling of variables. Further, GBRT

could efficiently trace non-linear patterns between input variables and target re-

sponse.� Genetic Algorithm

Orfila et al.[154] presented a dynamic genetic algorithm based model of solar cycle

for long-term solar forecasting. Singular spectrum analysis was used to reconstruct

the deterministic part of time series. Darwinian theory et al.[155] based evolution-
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ary algorithm for natural selection was suited for non-linear time series. The ob-

tained results showed that the technique was useful for long-term solar forecasting.

Jafarzadeh et al.[156] introduced type-1 and type-2 Takagi-Sugeno-Kang (TSK)

fuzzy systems for solar power plant prediction. The type-1 and type-2 antecedents

and crisp consequents were considered. Methodology for tuning of antecedents and

consequents of each model was also given. Solar irradiance and forecasted temper-

ature was considered to implement fuzzy logic based models. The results showed

that type-2 TSK models with type-2 antecedents and crisp consequents achieved

high prediction accuracy and offered uncertainty range with the forecasted value of

power generation. For the solar plants involved in the electricity market, informa-

tion of uncertainty is important to develop good bidding strategies.� Sky Imagers

Chow et al.[157] presented a ground-based sky imager for intra-hour, sub-kilometre

cloud shadow nowcasting and forecasting at the University of California (UC) San

Diego. High cloud cover variability increased the cloud forecast error with increas-

ing forecasting horizon. It was observed that sky imagery would be combined with

satellite and numerical forecast for more accurate forecast in different forecasting

horizon. Marquez et al.[158] presented a framework to forecast 1-minute Direct

Normal Irradiance (DNI) for 3 to 15 minutes time horizon. The image processing

procedures were applied including velocity field calculations, a spatial transfor-

mation of images, and cloud classification. It was observed that incorporation of

stochastic learning techniques with improved cloud classification approach increased

the forecast accuracy at short time horizons.

Chow et al. [159] proposed a Variational Optical Flow (VOF) technique to esti-

mate the cloud motion using a ground-based sky imaging systems. VOF determined

the sub-pixel accuracy of cloud motion for every pixel. The cloud locations up to

15 minutes ahead could be estimated. The method was compared with Cross-

Correlation Method (CCM) and image persistence method. Results validated the

effectiveness of VOF over the rest two methods. Alonso-Montesinos et al.[160] pre-

sented short and medium term solar irradiance predictor that predicted three solar

components including beam, diffuse, and global irradiance under all sky conditions.

The Heliosat-2 method was utilized to estimate atmospheric attenuation and Eu-

ropean Solar Radiation Atlas (ESRA) model to forecast three solar components.

Jiang et al.[161] and Kaur et al.[162] analysed different moving target and fea-

ture matching algorithms including block motion estimation and Combined Local

and Global (CLG) optical flow algorithm for measuring cloud movement images.
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Results showed that CLG algorithm outperformed block motion estimation algo-

rithm in terms of prediction accuracy and computation speed. Grantham et al.[163]

presented a data-driven approach for probabilistic forecasting which accounts het-

eroscedasticity of solar radiation and non-parametric bootstrap. The bootstrap

ensemble approach developed a full predictive density of global horizontal irradi-

ation that lead to calibrated ensembles of one-hour forecasts. The nonparametric

bootstrap idea was also presented that could be extended to autoregressive condi-

tionally heteroscedastic models to track nonlinear dynamics of solar radiation.� Fuzzy Logic

Boata et al.[164] and Kaur et al.[165] proposed fuzzy logic based daily global so-

lar radiation predictor. Daily clearness index was used to measure the stochastic

component of solar radiation and followed the rules of autoregressive fuzzy algo-

rithm. For input linguistic variables, membership functions were designed using

fuzzy c-means clustering. Results validated that the approach convert past two

days measurements in to an actual prediction of clearness index with high accu-

racy. Yang et al.[166] proposed a fuzzy information granule having time-dependent

membership function to transform numerical time series into granular time series.

The fuzzy inference based long-term prediction model was designed using fuzzy rule-

based interpolation. Results validated the effectiveness of given approach over AR

models, nonlinear autoregressive neural networks, and Support Vector Regression

(SVR) approaches.

2.1.3.2 Hybrid Models

Mellit et al.[167] described an adaptive wavelet-network with Infinite Impulse Response

(IIR) filter for predicting solar irradiance. The model obtained predicted values using his-

torical data set and results showed that the given approach gave satisfactory performance

matrix as compared to AR, ARMA, recurrent, and radial basis function networks. A high

speed of convergence was the main advantage of wavelet-network model. Hocaoglu et

al.[168] proposed a two-dimensional representation model of hourly solar radiation data.

The approach provided a compact and unique visualization of data that lead to accurate

forecasting using image processing methods[169]. Using the 2-D representation of data,

an image model was formed in raster scan where rows and columns represented days and

hours respectively. The between-day correlation along the same hour segment provided

vertical correlation of the image. To evaluate the forecasting efficiency of the model, nine

different linear filters with different filter tap configurations were tested and generated.
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The performance of 2D forecasting method was tested using feed-forward neural network.

The obtained results showed that 2D model was effective for both linear filters and neural

network prediction methods.

Voyant et al.[170] proposed a hybrid ARMA/ANN model for global solar radiation pre-

diction with data availability from NWP model. A hydrostatic model, Aire Limitee

et Adaptation Dynamique (ALADIN) developed by Meteo-France in collaboration with

ECMWF was employed to generate meteorological forecast with NWP model. After the

optimization of MLP by endogenous and ALADIN forecast data, the model was com-

bined with ARMA approach for the analysis of hourly data series. Finally, the prediction

was generated using confidence intervals in order to achieve more reliable information

for the end user. Mandal et al.[171] proposed a hybrid approach with a combination of

Wavelet Transform (WT) and Artificial Intelligence (AI) techniques for one hour ahead

solar power prediction. The sudden changes in time series data of solar photovoltaic (PV)

power were filtered by WT. AI model captured the non-linear fluctuations in the solar

PV power plant in a significant manner. The results demonstrated that the given model

performed well for all seasons of a year with high prediction accuracy.

Mostafavi et al.[172] introduced an integrated approach of global solar radiation predic-

tion using Genetic Programming (GP) and Simulated Annealing (SA) called GP/SA.

The monthly average global solar radiation data for last 6 years was used. Different me-

teorological and climatological parameters were employed to formulate solar radiation.

The results obtained from GP/SA approach were compared with conventional Angstrom

model and revealed that the given approach was a promising solution for energy con-

version and management problems. Voyant et al.[173] combined ARMA that accurately

described clear sky data and ANN that utilized endogenous and exogenous inputs for

the analysis of hourly data series. Because of its non-linear nature, ANN was suitable

to predict cloudy days. Based on this consideration and utilizing best configurations of

ARMA and ANN approaches, three hybrid models were suggested in the work. In the

first approach, ARMA model was used for six months of summer and spring and for rest

of the year ANN model was employed. The second model worked on the same concept

as first but incorporated seasonal learning parameter in forecast. The last suggested

approach followed the same division of models as in previous two approaches but also

consider the forecast error occurred in the previous hour. The results showed that cou-

pling of ARMA and ANN models achieved an improvement of more than 1% with the

maximum in autumn season (3.4%) and minimum in the winter season (0.9%).

Chen et al.[174] proposed neural and fuzzy logic based solar radiation forecast model. The

fuzzy logic was used to optimize the clustering technique and to reduce the number of sky
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classes. The neural network based model was used for hourly and daily solar prediction

using temperature and sky information from National Environment Agency (NEA). Long

et al.[175] applied Artificial Neural Networks (ANN), Support Vector Machine (SVM),

K-Nearest Neighbour (kNN), and Multivariate Linear Regression (MLR) to develop the

solar prediction model. These models were evaluated with and without considering me-

teorological parameters in multi-step ahead forecasting horizon. The results revealed

that prediction accuracy decreased with the increase of forecasting horizon. Amrouche et

al.[176] proposed a combination of spatial and ANN modeling for daily global solar irra-

diance on the horizontal plane. The National Oceanic and Atmospheric Administration

(NOAA) provided the information about meteorological parameters. The results showed

that ANN based daily GHI modeling achieved satisfactory performance level.

Lin et al.[177] developed Evolutionary Seasonal Decomposition Least Square Support

Vector Regression (ESDLS-SVR) model for monthly solar prediction. To effectively han-

dle seasonal influence, the model used seasonal decomposition approach and least square

support vector regression method. The genetic algorithm was used to select parame-

ters for the proposed model. Results showed that ESDLS-SVR performed better than

ARIMA, Seasonal ARIMA (SARIMA), LS-SVR and Generalized Regression Neural Net-

work (GRNN) models. Jimenez-Perez et al.[178] presented a data-mining approach based

solar radiation forecast method. A clustering algorithm was used to identify different

types of days in the dataset. Different classification algorithms were combined with re-

gression algorithms to forecast hourly global solar radiation. The decision trees, support

vector machine classification, support vector machine regression, and artificial neural

networks were used to estimate different parameters that characterized each type of day.

Regression algorithms were used to estimate the clearness index. Li et al.[179] proposed a

simplified method with reduced exogenous inputs and without the need of solar irradiance

data to predict 15 minutes, 1 hour and, 24 hours ahead solar irradiance. The models were

developed using ANN, SVR, and online meteorological services with photovoltaic’s his-

torical data. A hierarchical forecasting approach was proposed in which machine learning

tool at the micro level was used for each inverter prediction and combined the output at

the macro level for the whole plant. The results showed that the hierarchical approach

outperformed the traditional methods in terms of accuracy. Table 2.1 summarizes the

observations drawn from above mentioned solar forecasting techniques.
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Table 2.1: Observations from existing solar forecasting techniques (Cont.)

Author Year Parameters Technique Observations

[82], [83], [68], [84], [85],

[86], [87], [88], [89], [90],

[91], [92], [93]

1999, 2000,

2001, 2009,

2011, 2012,

2013, 2014,

2016, 2017

Meteorological

Parameters

Analytical mod-

eling, empirical

modeling

�Trace correlation between measured solar irradiance and different me-

teorological parameters to improve the forecast accuracy.�In comparison to neural networks, the analytical/ empirical models pro-

vide more generalized form suitable for various geographical locations.

[95], [96], [97], [98], [99] 2002, 2012, 2013 Historical solar

irradiance pro-

files

Exponential

smoothing

�Computation of prediction intervals, likelihood, and model selection

criteria to the data from M-competition and M3-competition.�Offers state space framework that include an extended range of expo-

nential smoothing methods with less tuning parameters.

[100], [101], [102], [103],

[105]

2009, 2012,

2014, 2015,

2016

GHI, DNI and

DHI

AR, ARX,

GARCH, HR,

GPR

�ARX model with NWP inputs and consideration of cloud cover condi-

tions make solar power observations suitable for a horizon up to 36 hours

ahead.�Collaboration of GARCH with ARMA allow consideration of the pre-

diction interval associated with point forecast that leads to a probabilis-

tic forecast.

[109], [108], [106], [107] 2006, 2007,

2010, 2016

GHI, Latitude Trigonometric

modelling

�Large meteorological data is not required for solar forecasting.

[110], [111], [112] 2012, 2017 Historical solar

irradiance pro-

files

Similar day ap-

proach

�Similarity with past sub-patterns is traced and used to identify most

similar solar pattern to the current day for estimating current weather

conditions.

[115], [116] 2014, 2014 Zenith angle,

clear sky index,

GHI

Linear filtering

approach

�Multidimensional models offer high prediction accuracy than two di-

mensional approach.

to be cont’d on next page
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Table 2.1: Observations from existing solar forecasting techniques

[122], [64], [124], [64], [125],

[129], [131]

1999, 2010,

2011, 2016

Atmospheric

pressure, in-

solation level,

temperature,

precipitation

Multi-stage neu-

ral networks

�Multi-stage neural networks achieve low mean error as compared to

single stage configuration.

[132], [133] 2013, 2016 NWP Physical models �Selection of optimum scale of spatial averaging reduce the variability

in solar prediction.

[138], [139], [66], [140] 2013, 2016 Meteorological

parameters

Support Vector

Machine

�SVM models achieve relatively same performance level compared to

ANN based models.

[141], [142], [143] 2014, 2016, 2017 Sea water tem-

perature, sun

spots, recorded

dataset

Extreme Learn-

ing Machine

�SOM-OPELM approach with DirRec strategy achieve high solar pre-

diction accuracy.

[144], [145], [146], [148],

[150], [151], [152], [153]

1991, 1993,

1997, 2005,

2009, 2010,

2011, 2016,

2017

Meteorological

parameters

Machine Learn-

ing (Regression

modelling)

�Machine learning approaches efficiently trace linear and non-linear pat-

terns between input variables and target response.

[154], [156], [172] 2002, 2013 Recorded solar

irradiance, tem-

perature

Genetic Algo-

rithm

�Singular spectrum analysis and evolutionary algorithms estimate the

uncertainty range which is useful to develop bidding strategies.

[157], [158], [159], [160] 2011, 2013, 2015 Cloud images Sky Imagers �Integration of sky images with stochastic techniques and satellite images

will improve the prediction accuracy.

[164], [166] 2012, 2017 Clearness index Fuzzy Logic �Perform better than regression models but results are probabilistic.

[167], [168], [170], [171],

[173], [174], [175], [176],

[177], [178], [179]

2006, 2008,

2012, 2013,

2014, 2016

Meteorological

parameters

Hybrid Models �Collaboration of different forecasting models lead to high and stable

prediction accuracy than independent approaches.
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2.2 Node Level Power Management

Raghunathan et al.[180] reviewed various strategies to overcome the limited energy prob-

lem in wireless sensor networks including low power Medium Access Control (MAC) pro-

tocols, hierarchical architectures, energy aware sensing, and energy harvesting. Raghu-

nathan et al. discussed their operation strategies, network requirements, and summarize

their advantages and disadvantages. Yick et al.[1] presented a review on WSN including

internal platform, underlying operating system, communication protocol stack, network

services, provisioning, and deployment. Issues on communication architectures, security,

and management were considered.

Gilbert et al.[181] provided a survey on different energy harvesting sources and different

energy conversion approaches for making them suitable for wireless sensor nodes. The

estimate of energy requirements by a sensor nodes on practical platform was focused.

Anastasi et al.[16] surveyed different solutions of energy conservation in wireless sensor

networks. The characterization and interactions between different protocols were pre-

sented and investigated that integration of different energy conservation approaches im-

proved the results. The sparse sensor network architecture was discussed and concluded

that efficient use of collector nodes by communication protocols made the network more

robust. Alippi et al.[59] presented a classification and review of different techniques of

energy management for sensor node. A framework for adaptive sensing strategies and

adaptive duty cycle approach based data acquisition strategies were introduced. It was

observed that activity based adaptive sampling techniques became more energy efficient

by using spatio-temporal correlation but require complex computations.

Sudevalaym et al.[33] surveyed energy harvesting based sensor systems including archi-

tecture, energy sources, and storage technologies. The implications of node recharging on

sensor network design and node level operations were presented. Banos et al.[61] provided

a review on optimization algorithms for design, planning, and control problems in renew-

able and sustainable energy scenario. One class of optimization methods was based on

traditional approaches including linear programming, Lagrangian relaxation, quadratic

programming, and Nelder-Mead simplex method. The recent research involves heuristic

optimization methods especially, particle swarm optimization, genetic algorithms[182],

and pareto optimization technique. Kausar et al.[183] provided a review on scope, chal-

lenges, and approaches of energy harvesting for wireless sensor nodes. Various projects

conducted by different research communities were reviewed and discussed their advan-

tages and weaknesses. The need of low power sensors, ultra-low power RFID circuitry,

and advanced micro machined embodiments was observed. Khan et al.[184] surveyed
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different battery driven and energy harvesting based approaches for wireless sensor net-

works. It was observed that consideration of energy provisioning and efficient energy

consumption profile is necessary for effective energy management schemes and efficient

network wide operations. Energy provisioning approach summarized the energy source

characteristics and developing algorithms. It included battery driven, energy harvest-

ing, and energy transference based schemes. Energy consumption schemes included data

driven, adaptive duty cycling, and mobility based energy management approaches.

Bhatnagar et al.[185] focused on low power system applications including various energy

harvesting techniques, power conversion, and characteristics of mini and microscale self-

sustaining power generation systems. Ahmed et al.[186] reviewed recent research in the

field of energy harvesting communications and presented a survey on resource allocation in

the area of energy harvesting. The issue of limited network life span with random energy

arrival was outlined and scope of research was summarized. Babayo et al.[187] presented a

review on energy management schemes and proposed a classification according to different

application requirements. It was investigated that 41% of energy management schemes

were throughput efficient, 33% of them enhance the data rate and 16% of them take duty

cycle as performance metric. Shaikh et al.[188] presented a review on energy harvesting

techniques that grasp energy from ambient sources to power wireless sensor networks. A

survey of energy harvesting mechanism, hardware configurations of harvester, efficiency

of harvester to capture, and ambient energy conversion was presented. Various energy

prediction models were also surveyed that could lead to adaption of energy harvested

WSNs while replacing the conventional ones.

2.2.1 Energy Allocation Approach

2.2.1.1 Dynamic Programming

Schal et al.[189] presented a dynamic programming based Markovian decision model

for average optimality condition with compact action space and general state space.

The average cost was considered as main criteria. The optimal inequality was shown

in terms of minimum average cost. A relative value function was defined in terms of

relative compactness in a real-valued state space. The simulation results showed that the

pointwise relative compactness could be done in a set of real numbers if the generalized

lower limit of a function was considered. Fu et al.[190] presented a dynamic programming

approach for optimal energy allocation to a single satellite in earth orbit. For each unit

of energy, the satellite encounters different demand levels, financial rewards, and different
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atmospheric conditions. The authors were focused to maximize the reward by optimizing

the energy consumption. For general case, suboptimal heuristics were provided that

depended upon certainty equivalent control. For the special case where demand was

unlimited, closed-form optimal solution was proposed. A value function was induced and

proved by concavity property. This parameter lead to reduced computation time and

provide scalability.

Ho et al.[191] proposed Generalized Markovian (GM) model to analyze harvested en-

vironmental energy which was based on empirical measurements and utilized Bayesian

Information Criteria (BIC) to evaluate the suitability of the proposed model for harvested

energy. Simulation results showed that for solar energy, a first-order stationary model

was suitable. To model burst and erratic nature of piezoelectric energy, the generalized

model was adequate. Ho et al.[192] investigated the problem of throughput maximiza-

tion in point to point wireless communication powered by ambient sources over a finite

horizon. Energy allocation problem was solved by considering the channel conditions and

time-varying nature of energy sources. Two types of information regarding the harvested

energy and channel conditions were assumed to be available including causal information

of past/present time slots and full information about past, present and future time slots.

Dynamic programming and convex optimization approaches were used for optimal energy

allocation. A first-order Markov process was used to model harvested energy and channel

conditions. Simulation results showed increased throughput per slot with given energy

allocation schemes.

2.2.1.2 Linear Programming

Moser et al.[193] introduced multiparametric linear programming based formal model to

precompute application parameters offline including constraints concerning buffer size,

rates and timings of energy arrivals with respect to environmental conditions, and present

system state. The control theory laws were integrated with software design to increase the

robustness of adaptive power management. A hierarchical control design was proposed in

which lower layer showed the role of power saving techniques in conjunction with upper

control layer which prevented the node from running out of energy. The simulation results

showed that by dividing the control theory into two subproblems significantly reduce the

computational complexity. Noh et al.[194] proposed linear programming based two solar

energy allocation algorithms to meet the requirement of fixed demand with variable sup-

ply. The basic and advanced expectation models were formulated to estimate the energy

available for each time slot in advance. The first Simple Solar Energy Allocation (SSEA)

scheme used a basic expectation model with low resource allocation cost and designed for
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a resource-constrained node. The Advanced Solar Energy Allocation Scheme (ASEA) was

based on advanced expectation model for more precise energy allocation and designed for

a node with sufficient resources to support additional computation. Simulation results

showed that both resource allocation schemes lead to maximum utilization of harvested

energy with minimum variability and upgrade the network performance.

2.2.1.3 Channel Capacity

Goldsmith et al.[195] calculated the capacity of fading AWGN channel under average

power constraint and different channel side information conditions at the transmitter

and receiver both, and at the receiver alone. When channel information was known at

the transmitter and receiving end, adaptive transmission scheme used the water-pouring

technique for power adaption and a variable rate multiplexed coding scheme. Gaussian

signalling formulations for transmission over a Gaussian fading channel was employed.

The results showed that these techniques lead to high channel capacity with low com-

plexity than nonadaptive transmission using receiver side information only. Sadeghi et

al.[196] discussed the principles of Finite State Markov Channel (FSMC) modeling of fad-

ing channels for wireless communication systems. The relationship of FSMC parameters

with flat fading and frequency selective channel statistics was presented. The proposed

FSMC model was used to estimate channel state, equalization, and decoding techniques at

the receiving end. The authors reported that the number of FSMC states, the amplitude

in FSMC model, memory order, and state transition probabilities affect the information

rate loss through actual and physical fading channel.

Ozel et al.[197] addressed the issue of stochastic energy arrivals in Additive White Gaus-

sian Noise (AWGN) channel. It was observed that the capacity of AWGN channel with

mean power constraint was equal to the average recharge rate. Two capacity achieving

schemes were introduced including save and transmit and best effort transmit scheme.

The first achieved upper bound of recharge rate and relied on zero code symbols appended

to a portion of total block length which were neglected when block length becomes larger.

The second approach was the best effort transmit scheme in which code symbols were

transmitted on the channel when sufficient energy was available and a zero was put on

channel instead in less residual energy availability case. The results showed that second

scheme gained transmission rate very close to the channel capacity. Further, the for-

mulation was extended to achieve offline optimal power allocation for maximum average

throughput when recharge rate was not ergodic.
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2.2.1.4 Traffic Control Task Scheduling

Dovrolis et al.[198] discussed Guaranteed (G) service class with an assumption that user

can select their traffic parameters called token bucket parameters in order to reduce re-

serve rate in the network. Two schemes were suggested for this purpose. One was for an

optimum solution called OptRate but with complex mathematical formulations. The sec-

ond was the MaxRate scheme with a simple solution and was suitable for the multicast

session. In this approach, every user requested different bounds of delay and differ-

ent path related parameters. Farkas et al.[199] addressed dynamic range coordination

problem, distributed power control techniques, trade space, and power-aware schedul-

ing approaches for multiuser detection based receivers. The Defence Advanced Research

Project Agency(DARPA)[200] Interference Multiple Access (DIMA) platform was used to

formulate Power-Aware Scheduling (PAS) and Power Control (PC) algorithms. Escolar

et al.[201] proposed an idea of programmed sensor node with alternative scheduling plans

and introduced an algorithm for the selection of relevant scheduling strategy to maintain

energy neutral condition and improve quality of service. A re-optimization approach was

also introduced to adapt present energy conditions. For simulation, the energy genera-

tion was modeled from MSX-005F solar cell and energy consumption with MicaZ sensor

node. An algorithm for optimal scheduling plans was proposed to optimize the quality

of service of the sensor and sink while maintaining energy neutral condition. The sensor

activities were considered as tasks and their cost was defined in terms of energy required

by the task per unit time. The level of quality of service and energy production by a

solar cell were also modeled using dynamic programming. Based on these mathematical

models, scheduling strategies for different tasks were derived in order to maximize the

quality of service while keeping the node energy neutral.

2.2.1.5 Data Aggregation

Kalpakis et al.[202] and [203] focused to trace an efficient way of data gathering and trans-

mission by energy constrained sensors in order to maximize their life cycle. A polynomial

time algorithm was given to solve Maximum Lifetime Data Aggregation (MLDA) prob-

lem. The approach worked efficiently for small networks but computationally complex

for large sensor networks. The clustering based heuristics strategies were also proposed

to prolong the lifetime of large data gathering and aggregation networks. The results

showed that MLDA performed 1.15 to 2.32 times better than existing data aggregation

procedures for small sensor networks. For large sensor networks, an increase by a fac-

tor of 2.61 was observed by clustering based approaches. Baek et al.[204] formulated
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compression and aggregation approaches for large-scale sensor networks, sampled on a

spatial-temporal field. The reduction in energy expenditure was targeted by reducing the

network traffic load using distributed source coding with header compression and data ag-

gregation approaches and secondly, by the use of energy efficient routing and distributed

medium access control. A hierarchical model was also proposed with multiple sinks, ag-

gregation, and compression nodes. Optimal organisation of devices was well implemented

by Johnson-Mehl tessellation with their locations. The average cost associated with such

organisations was evaluated and a comparison was made with proximity-based organisa-

tions using stochastic geometry. The results revealed an energy saving of 8% to 28% by

using optimized aggregation and compression structures for sensor networks.

Nuggehalli et al.[205] designed a transmission schedule to maximize battery life while

considering constraints including deadline and average delay constraint. A channel cod-

ing approach was utilized for reduced power level transmission that resulted in extended

transmission durations. Further, an electrochemical mechanism in batteries was adapted

that allowed energy recovery during idle periods but require idle transmitter slots. To

balance these two conditions the bursty traffic load should be distributed during idle pe-

riods that lead to extended battery life. Seyedi et al.[206] proposed adaptive transmission

policies to maximize the likelihood of detecting and reporting the events by sensor nodes.

To select a relevant transmission mode, such policies require the knowledge of current

energy level of node, data generation rate, and battery recharge rate. Markov Decision

Process (MDP) was adapted for transmission scheduling and comparative analysis was

done with energy balancing and aggressive policies. The simulation results showed that

MDP formulation achieved better performance than rest of two policies. In some condi-

tions including the number of dead slots and an average number of consecutive messages,

energy balancing policy outperformed the other two.

Antepli et al.[207] formulated the problem of transmission completion time minimization

offline for a given number of bits per user in the energy harvesting broadcast link. The

Additive White Gaussian Noise (AWGN) broadcast channel was considered where the

end user meet the random amount of energy at random time instants and no one to

one correspondence between transmission power and rate point. It was observed that

for optimum scheduling, average rates should be proportional to the number of bits and

transmission to all users started and finished at the same time. To handle this condition,

flow right algorithm[208] which was an iterative offline algorithm and was adopted by the

authors with different parameters. Ozel et al.[209] considered an energy harvester trans-

mitter for the optimization of a point to point data transmission under the constraints

of wireless fading channel and limited battery capacity. The dynamic programming ap-
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proach was used to maximize channel throughput and minimize transmission completion

time in a fading channel with random energy arrivals. A water filling algorithm was also

introduced to formulate the optimality conditions and control the time sequence of power

transmission with respect to residual energy level and causality constraints.

Castiglione et al.[210] addressed the issue of energy allotment over data acquisition and

transmission for energy harvesting sensors. Energy management policies were presented

for a single sensor with the aim of minimum distortion and a stable queue connecting

a source and channel encoders. Energy allocation between source acquisition and data

transmission was performed by considering the current status of channel SNR, data queue,

and statistics of energy harvesting process. A framework for multiple sensors and time

division scheduling techniques was also introduced to minimize average distortion and

stability of all data queues at all sensors. Results validated the effective resource allocation

for energy neutral operation. Reddy et al.[211] considered transmission and reception

power management issues in energy harvested WSNs including power loss of the circuitry,

battery inefficiency, and its storage capacity under energy neutral constraint. A dual stage

power management algorithm was designed in which outer stage scheduled the power that

was utilized by the inner stage algorithm to maintain energy neutral state and long-term

energy utility. The inner stage optimized the communication parameters for the case of

Rayleigh scatting channel.

Yang et al.[212] considered packet scheduling problem in energy harvesting wireless sensor

networks for a single user. The transmission rate was adaptively selected with respect

to traffic load and available energy in order to reduce the transmission delay. The offline

scheduling strategies were formulated with the assumption that energy harvesting time

and rate were known in advance. Causality constraints were also considered on data/

energy arrivals and channel fading in formulations. Tutuncuoglu et al.[213] considered

the transmission policies to maximize the amount of data transmitted in a finite time

horizon and minimize the transmission completion time.

2.2.1.6 Modulation Approach

Cui et al.[214] analysed different modulation techniques in order to achieve minimized

energy consumption for a particular number of bit transmission with error correcting

codes and to gain required bit error rate. Different parameters including constellation

size, optimized transmission time, coding gain, and bandwidth expansion were consid-

ered. The simulation results revealed that in Multiple Frequency Shift Keying (MFSK)

systems, coding could reduce energy consumption only for large transmission distances
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and desirable in power limited applications. The uncoded form of MFSK performed bet-

ter than coded MFSK for short range applications in terms of bandwidth and energy

efficiency. The trellis coded M-ary Quadrature Amplitude Modulation (MQAM) was

energy efficient in coding and efficiency increased with transmission distance.

2.2.1.7 Routing Strategies

Cruz et al.[215] formulated the bounds on delay, throughput, and buffering requirements

with a particular routing strategy for a communication network operating in packet

switched mode. To characterize the traffic, burstiness constraint was considered that

was said to be satisfied by data if the quantity of the data stream at any time instant

was less than a value that depend upon the length of that interval. The authors also

considered communication network models with interconnections of network elements

and proposed a method to calculate burstiness constraints for traffic between network

elements. An idea was also given to employ regulator elements within the network that

resulted in smaller delay and large throughput. Xu et al.[216] proposed Geographical

Adaptive Fidelity (GAF) algorithm with an aim to reduce energy expenditure in wireless

sensor networks. The approach was to identify nodes with same routing probabilities and

switch off the unnecessary nodes while maintaining routing fidelity. GAF approach was

independent to network routing protocols and required system level and application level

information. The approach was applicable to intermediate nodes of the network while the

source and sink nodes were always kept on. The proposed approach was analysed over ad

hoc on Demand Distance Vector (AODV) [217][218] and Dynamic Source Routing (DSR)

protocol[219]. The results showed 40% to 60% less energy consumption than unmodified

routing protocols. Younis et al.[220] and Sharma et al.[221] proposed clustering based

energy aware routing of gathered data. The approach was to design a centralized gateway

node that acts as network manager and set routes to deliver data based on the energy

expenditure and residual energy level of every node. The gateway node also monitored

the delay and throughput among the node cluster and judge medium access among the

sensor nodes. An algorithm was also proposed to adopt network topology dynamically in

the cluster to reduce energy consumption in data transmission and consumption.

Chang et al.[222] addressed network lifetime problem by optimizing routing algorithms

with linear programming formulations. It was observed that Minimum Total Energy

(MTE) approach was not effective for efficient utilization of transmission energy. The

shortest cost path routing approach was introduced where link cost comprised of energy

consumption during transmission/reception and residual energy at two end nodes. The

results revealed that approach gain near-optimal performance for constant information
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gathering rates as well as random ones. Bhattacharjee et al.[223] introduced an energy

efficient load balancing routing scheme that considered node cost in packet transmission

from source to sink. The node cost included energy efficiency and overhearing cost to

locate energy efficient next hop node and residual energy node for even distribution of load

in order to balance energy consumption. The approach distributed the traffic load among

different energy efficient paths rather than relying on a single path for packet transmission

and an improved end to end delay. A comparison was presented with shortest path routing

protocol, shortest path aggregation tree-based routing protocol[224], power efficient data

gathering/aggregation protocol[225], and distributed energy balanced routing[226]. The

results validated the effectiveness of proposed protocol in terms of network lifetime, an

end to end delay, number of alive nodes, and energy efficiency.

Voigt et al.[227] proposed two routing protocols to perform solar radiation aware rout-

ing. The first solar aware protocol was based on local information which was a simplified

version of directed diffusion. The solar aware directed diffusion was the second suggested

protocol which was an extension of standard directed diffusion approach. Different net-

work topologies were suggested where traffic was routed via solar-powered nodes and

some nodes could transmit/receive without consuming limited battery resources. The re-

sults showed that the first protocol was suitable for small sensor networks because it was

not capable to trace a path for one hop away. The second protocol was effective for large

sensor networks but its efficiency was dependent upon various network parameters. It

was observed that by designing transmission rates adaptive and making routing protocols

energy aware, a significant energy saving in energy harvested wireless sensor networks is

achieved. Sharma et al.[228] obtained mean delay optimal and throughput optimal en-

ergy management policies and identified a greedy policy in low SNR regime that make the

system to work under energy neutral condition. While simulation, the effects of fading

channel, battery leakage/inefficiency, and energy loss due to data processing and sensing

were included. Simulation results showed that energy storage feature in the node lead to

high stability and low average delay.

2.2.2 Network Life Bounds

Based on the analytical evaluation and network simulation on energy efficiency, Bhard-

waj et al.[229] derived upper bounds on sensor network lifetime under different scenarios.

The response of energy source at a particular location, the number of nodes, energy

status, energy efficiency of node, and path loss characteristics were considered for eval-

uation. A technique was proposed for bounding network lifetime by partitioning the
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problem into subproblems where bounds were easy to derive and showed the impact of

the source region, source behaviour, the number of nodes, base station location, radio

energy parameters, and path loss. The calculated network lifespan bounds were allowed

to calibrate network strategies and protocols regularly aimed to increase overall network

lifetime. Bhardwaj et al.[230] derived the upper bounds on sensor lifetime by combining

the networks with relevant topologies and source movement. The bounds were formu-

lated using Feasible Role Assignment (FRA) approach where an FRA must be assigned

to every bit received by the base station as it allow sensing in a non-redundant manner.

An integration of continuous density Hidden Markov Model (HMM) with a Generalized

Fuzzy Model (GFM) was introduced for solar irradiance prediction. Interdependency

of different meteorological parameters including sunshine hours, temperature, humidity,

atmospheric pressure, and wind speed were utilized for solar irradiance estimation. The

Viterbi algorithm generated hidden states to partition the measured meteorological data

into clusters by calculating correlation coefficients which were further modelled by GFM.

A test sequence was allocated to a proper cluster by implementing log-likelihood ratio test

and output was predicted using these trained clusters. The results showed an optimized

lifetime bounds for data gathering sensor networks.

Rahimi et al.[231] proposed an approach of energy management and equalization using

mobile nodes to increase network life cycle. The basic idea was to employ some au-

tonomous nodes as mobile robots which move in search of energy, recharge themselves,

and come back to the main service area to charge immobile energy depleted nodes. The

Robomotes were used as the mobile nodes that send communication signals to the network

and get the reply to locate themselves. Results showed that by the inclusion of about

40% mobile nodes in the conventional sensor networks make the networks self-sustaining.

Giridhar et al.[232] proposed analytical solutions of a linear program for sensor network

topologies. A linear array and a planer circularly symmetric network were considered.

An upper bound on the functional lifetime of linear networks was derived as a function

of data quantity and initial energies. The results showed that strategy of transmitting

the data to its nearest neighbor in the direction of collector lead to optimal network

lifetime in scaling sense. Kansal et al.[233] proposed a framework for formulating a rela-

tionship between network lifetime and achieved distortion performance. It was observed

that different rate allocations had different energy expenditure that depends upon net-

work topology. The authors derived this relation in terms of rate-distortion bounds and

formulated heuristics to evaluate these bounds. Finally, a low complexity approximation

of network lifetime was proposed with respect to computed distortion.

Jeong et al.[234] presented practical design issues of micro-solar power system over a
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long time scale and considered different environmental conditions including geographical

location, time, and present weather. The proposed design was divided in six functional

parts including solar harvester, external environment, energy storage, input regulator,

output regulator, and load. These components were correlated in terms of energy usage,

operating range, and energy efficiency.

2.2.3 Storage Element Analysis

Chiasserini et al.[235] and Singh et al.[236] proposed battery management techniques

with the aim to reduce energy consumption. A framework was presented to model bat-

tery characteristics/behaviour and trace the dynamics of recovery. The gain for stochastic

pulse discharge was also formulated and generated by discharge demand processes. The

discharge process was adjusted by a shaping technique to improve the energy efficiency

of the battery. If the battery level dropped below a certain threshold, the discharge

process was interrupted at the terminal side to recover the charge and enhance the per-

formance. Results showed that when the parameters of discharge shaping algorithm were

matched with storage cell parameters, battery performance improved significantly. Zhao

et al.[237] presented an eScan approach to access updated status of sensor networks in

terms of resources and running application activities, deployed in an uncertain environ-

mental condition. Global Positioning System(GPS) was used to track the location of the

node and made use of Advanced Power Management(APM) or Advanced Power Config-

uration and Power Interface (ACPI) to measure residual energy level. Energy efficient

in-network aggregation approach was designed for scanning residual energy status to es-

timate the remaining energy distribution in the network. At each aggregation step, all

local scans were autoscaled in terms of resolution and combined to make a composite

scan. An idea of incremental updates was also proposed where a node send a partial

update to a scan when its local state changes. The results showed that aggregation of

individual scans did not carry detailed information about the residual energy level of

the individual node but a compact representation of information reduced the processing

and communication cost. Jiang et al.[238] introduced Prometheus, a multi-stage energy

transfer system that combined positive attributes of different energy storage elements and

utilized the intelligence of microprocessor to gain uninterrupted network operation. The

proposed work was implemented on solar energy operated Berkeleys Telos mote and con-

sidered two-stage storage system using supercapacitors as a primary buffer and lithium

rechargeable batteries as a secondary buffer. The relationship between system compo-

nents and application specific optimal hardware specifications was also discussed. The

results showed that system runs for 43 years with 1% load, 4 years under 10% load, and
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1 year under 100% load. Mora-Merchan et al.[239] introduced a simulation tool, Mtossim

(TinyOS Simulator), to estimate the battery lifetime and power consumption over long-

term analysis. Received Signal Strength Indication (RSSI) attenuation was estimated by

considering radio power consumption and battery discharging in the emitter. The model

was also applicable to study of coverage range, localization, and time estimation between

network maintenance.

2.2.4 Adaptive Duty Cycle Approach

Sinha et al.[26] proposed an operating system based Dynamic Power Management (DPM)

technique for energy harvested sensor nodes. The DPM reduced power consumption by

controlling the active and idle period of the node. It was observed that while effective

sleep state transitioning lead to substantial energy saving, additional energy could be

saved by optimizing the performance of node in the active state. In the given approach,

processors voltage and frequency were dynamically adjusted to match the workload and

processing requirements. A workload prediction algorithm was also introduced which was

based on adaptive filtering of the previous workload and made a comparative analysis of

previous filtering techniques. The workload information from three different processors

over different day times was taken. The results showed that maximum power saving was

achieved when processing rate was kept equal to the average load. Kansal et al.[240]

presented harvesting theory for energy harvested wireless sensor networks. A model was

designed to elaborate the characteristics of environmental sources. Harvesting theorems

were formulated and proved to summarize the conditions for energy neutral mode of

operation. The derived concepts were directly implemented in practical scheduling tech-

niques. The harvesting theory was implemented on an embedded sensor system that was

powered by solar energy. The results showed that the network automatically adjusted

its performance level with respect to the status of energy resources. A task scheduling

approach was also proposed that considered spatiotemporal characteristics of ambient

sources and achieved improve energy efficiency in the distributed systems.

Raghunathan et al.[241] discussed various issues in the designing of solar powered wireless

harvesting system and their effect on harvesting efficiency. The difference between solar

powered and battery operated networks was also summarized. The essential design fea-

tures of a harvesting module was enlisted to allow harvesting aware power management

in other components of the system and to compute the effectiveness of harvesting based

operation compared to battery operated operation in terms of the life cycle of a node.

Finally, a practical demonstration was done on the design strategy, implementation, and
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performance of Heliomote, a solar energy harvesting module for Berkeley/Crossbow motes

and validated the applicability of proposed methodology.

Kansal et al.[58] analyzed complex time-varying nature of environmental sources with

analytically tractable models for prior knowledge of energy availability. Different issues

in enabling the energy neutral state of operation were discussed while considering the

characteristics of energy sources and loads. A theoretical framework for performance

optimization under energy neutral mode of operation including storage inefficiencies was

proposed. A methodology was given to dynamically adapt the real-time energy avail-

ability using adaptive duty cycling approach. It was observed that the integration of

link layer and routing methods with energy harvesting technologies lead to a practical

adaption of energy neutral mode of operation in various applications. Niyato et al.[242]

proposed a queuing analytical model to analyze different sleep and awake strategies in

a solar power operated wireless sensor network. A linear battery model with relaxation

effect was used to model battery recharge process and a stochastic process was used to

model solar radiation process. The game theoretic formulation was used to generate

optimal parameters for a particular sleep and wakeup strategy. The Nash solution was

obtained for equilibrium point between sleep and wakeup probabilities. The packet block-

ing and dropping probabilities were considered as performances matrix for the proposed

work.

Vigorito et al.[243] presented a control theory based adaptive duty cycle mechanism to

achieve energy-neutral operation, performance maximization, and duty cycle stability.

The closed-form optimal control laws were applied to formulate linear quadratic tracking

problem in which dynamics of the system were linear whereas noise, controls of the

system, and cost function to be minimized were quadratic in the outputs. Results showed

that because of battery centric nature of the algorithm, sensor node recovered from

energy depletion states and lead to constant computational time and constant storage

requirements. A two-third variance reduction in duty cycle profile was observed in the

results. To keep energy demands and supplies in balance, Gu et al.[244] introduced

Energy Synchronised Communication (ESC) as a transparent middleware between data

link layer and network layer that control the amount and timing of RF activity at receiving

nodes. ESC was implemented on MicaZ node using TinyOS platform in nesC. A cross-

traffic delay model was designed for the individual node to observe the effect of the low

duty cycle. The working schedule of the node was adjusted to reduce the cross traffic

delays with changing duty cycles. It was observed from the results that ESC can reduce

delay and increase delivery ratio while synchronizing sensor node activity with available

energy. Merlin et al.[19] proposed control theory based adaptive duty cycle approach
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for low listening MAC protocols in wireless sensor networks. The work was focused to

respond bursts of packets caused by the sudden occurrence of an event. The Dynamic

Duty Cycle Control (DDCC) approach was introduced to control the duty cycle in order

to achieve the target rate of packet transmission while consuming minimum energy. The

simulation results showed that DDCC approach achieved 20% more energy saving and a

significant reduction in the number of dropped packets as compared to fixed duty cycle

approach.

Byun et al.[245] proposed duty cycle control through queue management under variable

traffic rates. The approach was based on control theory where a feedback controller

adopted the node sleep time according to the traffic rates while maintaining the queue

length at a predetermined value. To make synchronization between active time slots of

sensor nodes, an active pattern based synchronization scheme was also presented. Re-

sults revealed that the given scheme achieved high power saving with minimum delay by

fast adaption of duty cycle with respect to changing traffic patterns. Jaggi et al.[246]

designed an adaptive sensor activation algorithm that adjusted the subsequent sleep in-

tervals with an additive increase and multiplicative decrease concept while considering

sensors current energy level. Results showed that the algorithm increased the event de-

tection probability and offered high stability with respect to current energy level and

sleep interval variation.

Tadayon et al.[247] designed Sensor Medium Access Control (SMAC) mechanism for en-

vironmentally powered WSNs. The performance of the proposed model was analyzed for

three test cases including throughput of SMAC in energy harvested WSNs, calculation of

energy packets with respect to throughput, and optimization of the duty cycle to achieve

long network lifespan and high quality of service. As the energy packets in the node

was a decreasing function of duty cycle, the work met the sensor lifetime requirements

by setting maximum and minimum duty cycle in order to achieve the quality of service

at the same time. Valera et al.[248] introduced dynamic wakeup scheduling scheme for

sensor networks that was based on Bit-Reversal Permutation Sequence (BRPS). This

approach evenly distributed the wake-up slots and reduced the sleep latency. An Ex-

pected Transmission Delay (ETD) metric was formulated that considered wireless link

quality and sleeps latency simultaneously. The simulation results showed that BRPS

used with ETD achieved high packet delivery ratio with low end to end delay. Peng

et al.[249] proposed a real-time adaptive Prediction Free Energy Neutral (P-FREEN)

power management approach to implement Budget Assigning Principles (BAPs) with

respect to energy harvesting rate and battery residual energy level. The BAPs were

focused to maximize the sensors average duty cycle by minimizing the energy loss due
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to storage inefficiencies. Results showed that the given approach reduced the variations

in residual energy level that improve the battery life cycle. Valera et al.[250] addressed

the issue of bulk data transfer in energy harvested WSNs while considering the duty cy-

cle constraint. A TinyOS implemented Pump-and-Nap packet forwarding technique was

presented which was based on adaptive feedback control to approximate optimal packet

length for transmission and reception. A controller was proposed to compute prior in-

put/output observations to estimate capacity allocations and accordingly duty cycle usage

and to compensate wireless link quality variations. Simulation results showed that the

approach achieved high throughput while maintaining required duty cycle. Table 2.2

enlists different power management techniques for wireless sensor nodes and summarizes

the drawn observations.
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Table 2.2: Observations from existing node level power management approaches(Cont.)

Author Year Parameter Technique Observations

[189], [190], [191] [192] 1993, 2003,

2010, 2012

Optimal cost function, Dynamic pro-

gramming

�Optimal energy management policies with the aim to maximize

the throughput and minimize the mean delay.

[193], [194] 2010, 2011 Buffer size, energy rates,

timings

Linear program-

ming

�Precompute different network parameters for different working

conditions.�Optimized utilization of harvested energy and minimized vari-

ability in energy allocation.

[198] , [199], [201] 1997, 2014 Quality of service Traffic control,

Task scheduling

�Reduce reserve rate in the network and controlled end-to-end

delay.�Selection of relevant scheduling strategy to maintain energy neu-

tral condition and improve quality of service.

[195], [196], [197] 1997, 2008, 2010 Channel capacity Gaussian sig-

nalling, FSMC

modeling

�Capacity of a AWGN channel under stochastic energy arrivals

and different channel conditions.

[202], [204], [205], [206],

[207], [209] , [210], [211],

[212]

2003, 2004,

2006, 2010,

2011, 2012

Average distortion, stabil-

ity, time constraint, bat-

tery capacity

Data aggrega-

tion
�An efficient way of data gathering and transmission by energy

constrained sensors in order to maximize their life cycle.

[214] 2005 Bandwidth and energy ef-

ficiency

Modulation ap-

proach

�Minimized energy consumption for a particular number of bit

transmission with error correcting codes and high bit error rate.

[215], [216], [220], [222],

[228], [223]

1991, 2001,

2002, 2004,

2010, 2013

Delay, throughput Routing strate-

gies

�Load balanced routing scheme that considered node cost in

packet transmission from source to sink.

[229], [230], [231], [232],

[233], [234]

2001, 2002,

2003, 2005,

2005, 2012

Network life bounds Analytical mod-

eling

�Calibrated network strategies and protocols to improve the net-

work life span.

[235] 2001

Storage element analysis

Analytical mod-

eling �Estimated battery lifetime over long-term analysis.

to be cont’d on next page
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Table 2.2: Observations from existing node level power management approaches

[237], [238] 2002, 2005 e-scan approach

[239] 2013 TinyOS simula-

tor

[26], [58], [242], [248],

[249],[250]

2001, 2007,

2009, 2013,

2014, 2017

Adaptive duty cycle

Sleep and wake

strategies

�Adjusted working schedule of individual node for changing duty

cycle with respect to energy availability.

[243], [19] 2007, 2010 Control theory �Adaptive duty cycle mechanism to achieve energy-neutral oper-

ation, performance maximization and duty cycle stability.

[244], [247] 2009, 2013 MAC protocols �Low listening MAC protocols for adaptive duty cycle control.
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2.3 Research Gaps

From the literature survey and observations, the following research gaps are drawn:� In the first part of literature survey, different approaches for solar irradiance fore-

casting are analysed. It is observed that hybrid techniques leads to high prediction

accuracy but still there is a need for more precise estimation of solar energy as it

is becoming an alternative to conventional energy sources. The main focus of the

proposed work is to achieve accurate approximations of future energy, mainly in

different forecasting horizons as it is essential for effective power management in

various activities of a network.� In the second part of the literature survey, different power management approaches

for energy harvested wireless sensor networks are studied and analysed. It is ob-

served that integration of energy harvesting technology with the conventional net-

work designs is the upcoming research area. Specially, the issue of efficient power

management is gaining more importance because of stochastic nature of ambient

sources. There is a need to standardize existing systems with harvesting technolo-

gies. The proposed work consider this issue and introduced energy efficient power

management approach by mathematically modeling different node parameters.

By considering the importance of optimized environmentally powered wireless sensor

networks, the objectives of the work have been defined and enlisted in section 1.8.
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Chapter 3

Development of Modified Pro-Energy Pre-

diction Algorithm for Solar Energy

The growth of solar power based systems is anticipated to continue as it is an emission

free, clean energy source. It avoids global warming and pollution that is caused by fossil

fuel based power generation methods. The utilization of the Photovoltaic (PV) systems

make it possible to deploy solar systems in small scale residential to large scale industries.

3.1 Concept of Solar Photovoltaic

The solar PV system is used to convert solar energy in to electricity[251]. It converts

the photon (light) energy in to electric voltage using the photovoltaic material[252][253].

The basic concept has been shown in Figure 3.1. The photon has high energy in sunlight

and possesses short wavelength[254]. It causes the electron of photovoltaic material to

be free from its atom. When an electric field is added, the electron comes to a metallic

contact and proportional electric current is created[255][256].

Figure 3.1: Electricity generation by photovoltaic effect

The proposed work has been published in Journal of Renewable and Sustainable Energy,
9(3), pp. 033701, 2017.
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Advantages of PV systems� The PV plants have low operational and maintenance cost as no conventional fuels

(coal, gas etc.) are required for operation[257][258].� No harmful or toxic gases are produced by solar PV plants. Thus, electricity gen-

eration is eco-friendly and reduces global warming[259].� Silicon and glass that have been used for the designing of PV modules can be

recycled. This feature helps in decreasing the demand of energy for producing such

materials and clean the environment.

3.2 Solar Fundamentals

The solar energy reaches on the earth in the form of electromagnetic radiation. The sun

and other stars act as nuclear reactors to synthesize the hydrogen atoms together for the

generation of helium atoms. A large amount of energy is released in this process. The

present section summarizes the basics of solar radiation that are necessary to model the

solar energy profiles.

3.2.1 Solar Irradiance and Solar Power

The irradiance produced by the sun to the earth in the form of electromagnetic waves is

called solar irradiance and measured as power density (W/m2). For the measurement of

solar power, the effective collector area of the device is also considered. It is measured as

received solar irradiance by solar conversion module multiplied by the effective collector

area of the module (W/m2∗ m2 = W)[260].

3.2.2 Components of Solar Irradiance

Solar irradiance is visible, ultraviolet, and near to infrared energy in wavelength ranging

from 300 to 3000 nm. According to World Meteorological Organization (WMO), solar

irradiance has three basic components[261] and illustrated in Figure 3.2. When solar

radiation passes through upper atmosphere, its energy decreases to 1367 W/m2, called

solar constant. When it reaches to atmosphere, some energy is absorbed and scattered

by dust, air molecules, and clouds called Diffuse Horizontal Irradiance (DHI). The solar

radiation that reaches directly on the surface of PV modules without scattering and
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absorption is called Direct Normal Irradiance (DNI). The solar irradiance that is reflected

by ground is called ground reflected solar radiation.

Figure 3.2: Components of solar irradiance

3.2.2.1 Direct Normal Irradiance (DNI)

The amount of solar radiation received by per square meter horizontal earth surface

which is perpendicular to the sun rays is called direct normal irradiance. These rays

reaches to the surface in a straight line from the sun without any atmospheric losses.

DNI is measured by Pyrheliometers with acceptance half angles ranging from 2.5° to

5°. For high concentration factor, the aperture of solar concentrating collectors will

be less than Pyrheliometers acceptance angle. This parameter is important for solar

installations including Concentrated Photovoltaic Systems (CPV) and concentrated solar

power systems[261].

3.2.2.2 Diffuse Horizontal Irradiance (DHI)

The amount of solar radiation received by per square meter horizontal earth surface in an

indirect path from sun and is scattered or diffused by atmospheric components including

cloud particles, aerosol particles, air molecules, or other components is called diffuse

horizontal irradiance. To measure DHI, pyranometer is used that consider location and

time dependent correction factor in measurement and correction[261].
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3.2.2.3 Global Horizontal Irradiance (GHI)

GHI includes Direct Normal Irradiance (DNI) from the sun, Diffuse Horizontal Irradiance

(DHI) from the sky and ground reflected radiation. It is considered as the total amount of

shortwave irradiance received by a surface horizontal to the ground. Practically, ground

reflected radiation is insignificant compared to the DNI and DHI component. Thus, for

all photovoltaic solar installations, GHI is considered as the sum of direct and diffuse

radiation only and represented as:

GHI = DNI + DHI ∗ cos θ (3.1)

where θ is the solar zenith angle and defined as the angle between direction of sun and

the overhead direction (Zenith). It is 0° vertically above the location and 90° horizontally.

GHI is measured by pyranometer, mounted horizontally with a hemispherical view angle

of 180°. GHI is the key parameter for comparing the radiation in different climatic zones

and for the calculation of irradiance on tilted planes[261].

3.3 Patterns of Solar Radiation

Sun emits the radiation in all the directions. The energy of global solar radiation is

affected by the length of path through the atmosphere. Longer distances weaken the

strength of global solar radiation and vice versa. This is the reason that polar regions

receives less solar radiation since sun light has to travel longer distances to polar regions

than tropic areas[262].

3.3.1 Linke Turbidity(TL)

This parameter is used to model the atmospheric absorption and scattering of solar

irradiance under clear skies. It represents the number of dry and clean atmospheres

that are necessary to generate observed irradiance at earth surface and approximates the

optical thickness of the atmosphere due to water vapour and aerosol particles relative to

a clear and dry atmosphere. It denotes the transparency of cloudless atmosphere. For

dry and clean sky, Linke Turbidity(TL) is equal to 1; for deep blue sky, TL is just above

1 and in turbid or polluted atmosphere, TL is close to 6 or 7. The larger the TL, large

is the attenuation of solar radiation by the atmosphere[262].
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3.3.2 Air Mass

To measure the path length of solar radiation, Air mass is used. The value of air mass

depends upon the position of the sun. It is 0 if the radiation is in upper atmosphere and

equal to 1 when sun is directly overhead. For the installation of PV systems, 1.5 is the

standard value for air mass. The maximum value of solar irradiance that is received by

earth surface is estimated by considering the air mass as[262]:

Imax = 1367 ∗ 0.7AM0.678

(3.2)

where Imax is the maximum solar radiation and AM is the air mass.

3.3.3 Seasonal Variation in Solar Radiation

Summer days have more solar radiation hours than winter days. Also, high solar intensity

is received during day time and becomes weak in afternoon. These seasonal variations

are due to the change in relative positions of the sun and the earth as shown in Figure

3.3 [261].

Figure 3.3: Movement of sun

The apparent path of sun and the celestial equator have an angle of 23.45° between them.

The angle between the deviation of the line linking the centre of the earth and the sun

with equatorial plane is called solar declination ξ and calculated as (in radians):

ξ = π
23.45

180
sin 2π

284 + Dcurrent

365
(3.3)
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where Dcurrent is the current day. The angle ξ is assumed constant within one day. For

March 21 or 22 and September 22 or 23, the solar declination angle is 0° and for June 21

or 22 and December 21 or 23, the angle is 23.45°. This angular difference is the reason

behind a long day in summer and a short day in winter.

3.3.3.1 Daily Variations in Solar Radiation

The apparent daily movements of the sun causes variation in solar intensity on daily basis.

Figure 3.4(a) shows apparent position between the sun and earth in the celestial plane.

Figure 3.4(b) depicts the occurrence of day and night because of this daily movement. The

geographical latitude of the observation location on the earth is represented by θφ. The

instantaneous point of the sun is represented by hour angle ̟ [261] and given as:

Figure 3.4: Daily variation in solar radiation

̟ = 15(TLC − TZ − 12) + θϕ + TE/4 (3.4)

where θϕ is the longitude of the PV sites, TLC is the local mean time and TZ represents

the time zone. TE is the time equation which is calculated as:

TE = 229.1831(0.000075+0.001868 cosθς−0.032077 sin θς−0.014615 cos 2θς−0.040849 sin 2θς)

(3.5)

where

θς =
360

354
∗ (Dcurrent − 1) (3.6)
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3.4 Requirement of Solar Irradiance Forecasting

Solar irradiance is restrained by different meteorological conditions (atmospheric temper-

ature, pressure, humidity, aerosol concentration, water vapour etc.), seasonal variability

(time of the day, season of the year), geographical constraints (location of the sensor node,

solar elevation angle, site altitude, etc.) and intra-hour solar intensity. Uncertain gen-

eration of solar energy causes variable power generation in different time scales. Figure

Figure 3.5: (a)Solar irradiance (hourly),(b) Minimum, maximum and average solar
irradiance (monthly)

3.5 exhibits a typical monthly statistics based global solar radiation on horizontal surface

from January-December, 2016. Dataset is adopted from Solar Radiation Research Labo-

ratory (SRRL) under National Renewable Energy Laboratory (NREL)[263] with CMP-22

pyranometer as solar radiation sensor[264]. NREL is primary national laboratory in US

for renewable energy that uses Baseline Measurement System (BMS) with latitude 39.742

north, longitude 105.18 west, and elevation 1828.8 meters with time zone GMT-7. Per

minute solar dataset is obtained from NREL on horizontal plane with 1440 samples per

day.

65



Figure 3.6: Forecasting horizon and concerned applications

In Figure 3.5(a), twelve months period is depicted with 8760 hours on x-axis and y-axis

shows the variation in solar irradiance with respect to different months of the year. It is

observed that intensity of solar radiation of a particular day is highly influenced by sea-

sonal effects as well as the present day weather conditions including various meteorological

parameters. To corroborate the observations from Figure 3.5(a); Figure 3.5(b) exhibits

the maximum, minimum, and average solar irradiation with respect to different months of

the year. It is clear from the Figure 3.5(b) that in year 2016, peak solar intensity is avail-

able during summer season (June, July, and August), moderate in spring season (March,

April, and May) and autumn season (September, October, and November) and lowest in

winter season (December, January, and February). It is also observed from Figure 3.5(a)

that summer and winter season offer less alterations for short time periods whereas large

alterations are more probable in spring and autumn season. Solar forecasting diminishes

the effect of resource variability and uncertainty by targeting different forecast time hori-

zons. With the concern of practical use, Figure 3.6 shows different forecasting horizons

and related activities in solar powered WSNs. Very short term forecasting is essential

for real time monitoring of battery status. Short term forecasting is critical for decision

making activities including unit commitment etc. Medium term forecasting is effective

for maintenance scheduling and spinning of power unit. Long term forecasting is useful

in planning the network operations. Precise solar forecasting ensure reliable and stable

rechargeable sensor operation with improved control algorithms for battery backup and

make dynamic tradeoffs between energy consumption, system operation, and operational

fidelity to attain an energy neutral condition.

3.5 Selection of Forecasting Model

Selection of a forecasting model depends on many factors including forecasting conditions,

availability and applicability of data, forecasting horizon, expected forecast accuracy and

time for making the analysis. These factors should be weighted constantly. With the
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study of basic features and limitations of different forecasting techniques, forecasting

problem can be formulated effectively with independent or blending (hybrid) of tech-

niques. In proposed work, time series analysis based statistical approach is used for short

term forecasting as it provides a solution to deal with temporal effects. Generalization is

carried out by statistical tests on training dataset but relies on firm initial assumptions

about data series to achieve an optimal solution. By taking this constraint in to consid-

eration, machine learning based models are used for medium and long term forecasting.

Machine learning has the features of reasoning, perception, and redundancy that make it

capable to handle large dataset with various features. Also, no firm observations about

data series are necessary; different heuristics are exercised for a good solution[265].

3.6 Solar Forecasting Models

For non-controllable and predictable energy sources, forecasting models are used to pre-

dict the energy availability and allow the system to take decision about the utilization of

available energy. The present section aims to provide an overview of basic statistical en-

ergy prediction models that makes the ground of the proposed algorithm. The statistical

models are time series analysis based mathematical models that make use of historical

data to predict future values. The main focus is on past patterns, change in patterns,

and use statistical equations to identify these patterns and trends.

3.6.1 Exponentially Weighted Moving Average(EWMA)

EWMA[58] is based on an exponentially weighted moving average approach and follow

the assumption that amount of energy available at a given time of the day is similar to the

energy observed at the same time on the previous days. Time is divided in N time slots of

equal duration. EWMA predict the energy as a weighted average of the energy received

at the same time over a set of previous days. In weighted moving average approach,

each mean is multiplied by a pre-specified weight to follow the data series more closely.

The weighted moving average assign more weight to recent data points and decreases in

arithmetic progression. The weights are determined by the number of periods selected

and must sum to 1. Mathematically, EWMA predicts the amount of energy in nth time

slot by the following equation:

µ(d)
n = α · xn + (1 − α) · µ(d−1)

n (3.7)

where xn is the energy harvested by the end of nth time slot, µ
(d−1)
n is average harvested
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energy over the past (d− 1) days in their nth time slot and α is the weighting factor that

ranges from 0 to 1. EWMA considers the seasonal variations and adapts diurnal solar

energy cycles. The results of algorithm are satisfactory for unchanging weather conditions

but introduce significant prediction errors when weather is highly variable.

3.6.2 Weather Conditioned Moving Average (WCMA)

The proposed algorithm[96] is based on EWMA principle but with reduced prediction

error. WCMA reduces the prediction error by taking in to account the hourly changes as

well as seasonal changes in weather conditions. To this purpose, past days energy values

are maintained in a matrix M of size D × N where rows represent the past days under

consideration and column represents the different time slots of each day. For current day

energy observation, a vector C is maintained of size N . WCMA also maintains a vector

E of size N whose nth entry En keeps the average of observed energy during the time slot

n in past D days.

En =
1

D
.

(d−D)
∑

i=(d−1)

M(i,n) (3.8)

En is updated at the end of each day with recent energy observations. Energy prediction

equation for WCMA algorithm is given as:

M(d,n+1) = ρ.M(d,n) + (1 − ρ).E(n+1).GAPk (3.9)

where M(d,n+1) is the predicted energy for next time slot, ρ is the weighting factor similar

to EWMA, Md,n is the observed solar energy during time slot n, and E(n+1) is the average

harvested energy during time slot n+1 for last D days. The GAPk is a new weighting

factor that gives information about changing weather conditions during time slot n of

current day with respect to previous D days. k is number of past intervals considered.

The value of k should be chosen in such a way that it is related to present weather

conditions of the current day and reject those time slots that have no impact on present

day energy profiles. A vector VK is defined to calculate GAPk and given as:

VK = [v1, v2, v3, ....., vk] (3.10)

The individual value of vector is calculated as:

vk = M(d,n−K+k−1)/

∑d−D

i=(d−1) M(i,n−K+k−1)

D
(3.11)
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The calculation in equation 3.11 returns a value whose magnitude represents the difference

in weather conditions of present day and previous days in a particular time slot. A value

greater than 1 indicates better solar conditions than previous day and value smaller than

one represents a cloudy day. Further, for better predictions, more importance is given to

the elements of vector V those are close to the current time instant. To this purpose, a

weighting vector P of length k is defined and individual element of P is calculated as:

Pk =
k

K
(3.12)

The factor GAPK for day d using K past values at an interval n is calculated using the

equation 3.13:

GAPk =
V.P
∑

P
(3.13)

WCMA performs well when used for short-term predictions of solar energy but prediction

accuracy degrades for medium and long term forecasting horizons.

3.6.3 Pro-Energy (PROfile Energy Prediction Algorithm)

Pro-Energy prediction model[110] is based on similar past energy observations to the cur-

rent day for predicting energy availability for half an hour to few hours ahead prediction

horizons. A day has been divided in N time slots and classified as sunny, cloudy or rainy

day. The current day energy profiles are stored in a vector C of length N . A pool of

past energy profiles is maintained in matrix M of size D × N where D is the number

of past days considered. The stored profiles depicts the energy obtained during past D

days. Pro-Energy predicts the energy availability for the next time slot by tracing the

most similar profile to the current day. The similarity between the energy profiles of

the current day and days stored in the pool is computed in terms of Euclidean distance

between two vectors and given as:

Ed = min

t
∑

i=t−k

1

k
∗ abs(Ci −Md

i ) (3.14)

where Ed is the most similar profile among the days stored in pool M and k is past slots

considered. The prediction of energy for future time slot is carried out using the equation

3.15:

Cpredict

(t+1) = α ∗ Ct + (1 − α) ∗Md
(t+1) (3.15)

where Cpredict

(t+1) is the predicted energy value of future time slot, Ct is the energy harvested

during the slot t of current day, Md
(t+1) is the energy available during slot t + 1 of the
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selected day from the pool and α is the is weighting factor ranging from 0 to 1. Equation

3.15 is suitable for short term energy prediction. For few hours ahead predictions, consid-

eration of correlation between successive time slots is important to determine the number

of past time slots which are having impact on prediction of future time slots. With all

these considerations, a new weighting parameter υ is used to predict energy values for F

future time slots using equation 3.16:

υi =

{

α ∗ (1 − i−1
G

) if i ≤ G

0 if i > G ∀i, 1 ≤ i ≤ F
(3.16)

where weighting factor υi is used to assign weights to past values from the pool and

treated same as α is used for short term prediction, i is the position of the future time

slot with respect to current time slot t, G is the number of time slots having correlation

with current slot t and F is future time slots for which prediction will be carried out.

The forecasting equation used for medium and long term equation is given as:

Cpredict

(t+i) = υi ∗ Ct + (1 − υi) ∗M
d
(t+i) (3.17)

3.7 Development of Modified Prediction Algorithm

for Energy Harvesting

Time series analysis is important for predicting a quantity which is changing over time

and estimating its future values using the behaviour of past historical data. Time series

analysis works on ordered sequence of observations of a quantity over equally distributed

time intervals and accounts the fact that these data points have internal structure between

them (autocorrelation, trend patterns, seasonality)[266][267]. These structures should be

accounted to explore hidden insights of data.

Results shown in section 3.9 depicts that EWMA and WCMA have high prediction error

in the different forecasting horizons; therefore, the estimated solar irradiance traces have

large deviations from the real irradiance profiles. The Pro-Energy algorithm increases

the prediction accuracy to some extent but still has prediction error of the order of

20.80%, 22.78%, 28.82%, and 29.69% for 30, 60, 90, and 120 intervals respectively. From

the results obtained, it is observed that a further improvement in accuracy is required

to predict the trace close to real irradiance profile. Hence, it is intended to develop

a modified Pro-Energy prediction algorithm for energy harvesting using the time series

analysis. By availing the trend and level components of a time series in solar irradiance
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forecasting, the average growth of irradiance (increasing or decreasing) and a constant

value for irradiance is estimated at the end of each time slot. The system model shown

in Figure 3.7 is used to implement the modified prediction algorithm.

3.7.1 Description of Proposed Algorithm

The periodic nature of solar irradiance is suitable for estimating future updates using the

neighbouring values. In the proposed work, 24 hours time period is divided into fixed

length time slots and the solar irradiance prediction is carried out after every half an

hour interval. Figure 3.8 shows real time solar irradiance profile of January 1, 2016 for

the experimental development. The time duration of eight hours (7:00am to 3:00pm)

is considered because most of the solar characteristics are accounted during this time

interval. The initial measurements of current day irradiance profile are decomposed into

the trend component using Classical Decomposition Method (CDM)[268].

The estimated trend represents a long-term change in irradiance level of the solar energy.

Thus, it provides the approximation about irradiance levels for the future time slots. The

calculated level and the trend components goes through the smoothing process in order

to separate a fundamental composition of a data series from randomness. Based on the

estimated irradiance level of future time slots for the current day, a pool of most similar

days is extracted from the historical data set. The solar dataset of January 2013, 2014,

and 2015 is considered as past historical data to predict January 2016. For the extraction

of similar days from last three years, available time slot of considered day (January 1,

2016) is compared with 31 days of January 2013, 2014 and 2015. The past days with

the Minimum Absolute Error (MAE) of the current day comprises a pool of most similar

days. The size of the pool is selected on the basis of iterate simulation.

For the short-term forecasting, the irradiance profile of most similar day from the pool is

used to predict the irradiance availability in future together with the recent information

of the current day. But for few hours ahead forecasting, instead of relying on a single past

day, a group of most similar days is used for prediction. A combined weighted profile of

selected days is calculated to take consideration of large variations in the environmental

conditions. The information of previous slots of the current day in conjunction with

combined weighted profile of past days significantly reduces the prediction error. Finally,

the performance evaluation of proposed work together with EWMA, WCMA, and existing

Pro-Energy algorithm is carried out on the basis of prediction error in 30, 60, 90, and

120 minutes ahead of the forecasting horizons.
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Figure 3.7: The modified Pro-Energy algorithm for solar irradiance prediction using
level and trend factors
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Figure 3.8: Day time solar irradiance taken at every half an hour instant

3.7.1.1 Classical Decomposition Method (CDM)

The time series analysis is based on the assumption that data points taken at different

time instants have some correlated patterns. CDM[269] statistically analyses these pat-

terns and split them into several sub patterns so that the elementary components that

affect the individual values of data series can be recognized. The analysis of data points

is done on the basis of the rate of change of series and emerges in important components

of a time series. This technique provides an useful abstract model of a time series by

splitting it in level, trend, seasonality, and random components. These individual compo-

nents represents different pattern categories of a time series that lead to effective analysis

of the series and improve the forecast. Mathematically, a data series composed of basic

components is represented as:

yt = {TtStCytIt} (3.18)

where

yt represents data series,

Tt represents trend of the data series and give estimated average growth(upward or

downward) of solar irradiance at the end of each time period,

St represents the seasonality component,

Cyt represents the periodic cycles and shows upward and downward fluctuations

in solar irradiance measured over long time period. The time period of a periodic

cycle is longer than a seasonal component and carries more variation than a seasonal

pattern,

It represents the irregularities present in the solar profiles and give short term
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variations that arises because of unexpected events of nature.

Basic Structure

There are basic two structures that are considered for CDM approach:� Additive CDM

yt = Tt + St + Cyt + It (3.19)

The additive model is suitable for a data series in which seasonal fluctuations will

not vary with the level of time series and relatively constant over time.� Multiplicative CDM

yt = Tt ∗ St ∗ Cyt ∗ It (3.20)

The multiplicative model is suitable for the data series in which seasonal fluctuations

are almost proportional to the level of time series and increases over time.

Additive CDM is used for the implementation of the proposed work. The effect of indi-

vidual component is estimated by the CDM to explore the behaviour of data series. The

CDM is preferred among other time series methods because of its less complexity.

Trend Model

The trend component of a decomposed time series is acclimated to predict the irradiance

availability in future. The selection of a trend model depends upon the nature of solar

radiation. The basic radiation patterns are linear, quadratic, exponential, and s-shaped

curve. If solar irradiance is increasing or decreasing at almost constant rate, it is then

framed in linear trend model.

1. Initialization of Trend Component: The best fit linear equation has been calculated

for the initial data set. A linear trend line has been calculated by Least square

method [270] for time t which is given as:

x′ = L + T t (3.21)

T =

∑

tx− (
∑

x)(
∑

t)/n
∑

t2 − ((
∑

t)2)/n
(3.22)

L =

∑

x

n
− T (

∑

t

n
) (3.23)

where x is the actual value, L is the intercept, T is the slope of the line, n is the

number of time slots and x′ is the forecast at time t.

To validate the above procedure, Backcasting [271] approach is applied to generate
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initial values for trend model. In this process, the data series is reversed and past

values are forecasted instead of future values. The starting values for slope and

intercept are generated by this approach. The algorithm will run in regular manner

after this procedure.

2. Trend Component for Subsequent Time Slots

The following equation generates trend component for the subsequent time slots

using linear trend model:

Tt = (Lt − Lt−1) + Tt−1 (3.24)

The two estimates from the trend equation are, i) how much the irradiance level

is changed from last period to this period, and b) the trend estimation of the last

period shows average growth rate of time series in (t − 1) time slot. By virtue of

trend component given by Chatfield[272] and Box et al.[273], irradiance level, Lt

for present time slot is calculated as:

Lt = xt + (Lt−1 + Tt−1) (3.25)

The first part (x(t)) of equation denotes the solar irradiance at time t. The second

part is the summation of irradiance level of previous time slot and how much level

should have changed from last period to this period that represents trend. Thus,

equation 3.25 is not a forecast of next time slot but estimate of level for the same

time period t.

3.7.1.2 Smoothing Process

In some locations, the seasonal variations are so strong that they conceal any trend

and level component. It causes a reduction in the prediction accuracy. The smoothing

process[274] removes these random fluctuations from the data series and provides per-

ceptible view of series to predict its behaviour more accurately. It provides weighted

estimate of level and trend of future irradiance with more importance to recent observa-

tions and exponential decrease of weights because measurements become more distant.

The smoothing method can be static or dynamic and selected on the basis of the nature of

data series. Figure 3.9 summarize different smoothing techniques and their applicability.

The static methods follow patterns that are stable over time. On the other hand, dy-

namic methods process patterns that changes over time and predictions are updated using
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Figure 3.9: Different smoothing techniques

neighbouring values. These two methods are integrated to improve the forecast accuracy

using double exponential smoothing or Holt winter’s method[275]. Further, trend analy-

sis and time series decomposition are combined to utilize different trend models offered

by trend analysis.

The modified Pro-Energy algorithm is implemented using Double Exponential Smoothing

(DES)or Holt′s Linear Trend Model[276] [95]. Single exponential smoothing does not trace

trend factor effectively in data series because of the single smoothing parameter ρ. Double

exponential smoothing make use of two smoothing parameters to update the trend and

level components in each time slot. The smoothing constant ρ is used to estimate the

level in the forecast and second smoothing constant β accounts the trend component in

the time series. The advantage of using the double exponential smoothing method is the

rates at which level and trend are tracked and can be revised. The estimates for trend

and level are exponentially smoothened by parameters ρ and β and formulated as follows:

Lt = ρ ∗ xt + (1 − ρ) ∗ (Lt−1 + Tt−1) (3.26)

Tt = β ∗ (Lt − Lt−1) + (1 − β) ∗ Tt−1 (3.27)

where ρ is smoothing constants of level with range (0 ≤ ρ ≤ 1) and β is the smoothing

constant of trend with range (0 ≤ β ≤ 1).

Optimized Smoothing Constants

The choice of smoothing constants ρ and β is done using iterative procedure called grid

search in parameter space to reduce prediction error. A set of forecasts is generated using

each value of smoothing constant and results are compared with real irradiance values.

A value with least prediction error is chosen as smoothing constant. The preferred value
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Figure 3.10: Estimated trend component of predicted solar irradiance

Figure 3.11: Estimated energy level of measured solar irradiance

of ρ and β is in between 0.5 to 0.9. Figure 3.10 and Figure 3.11 shows that smoothing

constant ρ as 0.8 and β as 0.7 achieve optimized trend and level components respectively.

The obtained trend component has positive and negative slopes to represent the variation

in solar irradiance. The accurate estimation of trend component leads to close approxi-

mation of solar irradiance level in future time slots. It helps to increase the possibility of

choosing most similar energy profiles to current day using level component.

3.7.1.3 Extraction of Similar Days from Past Historical Data

The historical data of 2013, 2014, and 2015 has been considered to extract similar irra-

diance profiles to current day. By using the equation 3.28, a pool S of most similar past

solar energy profiles is maintained in matrix M of size D × N where D is the number of

past days considered and N is the number of time slots.

Diff(d) = abs(Lj−1 −M(d, j)) (3.28)
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where d denotes past days ranging from 1 to D (past days in the matrix M) and j denotes

time slots ranging from 1 to N . Lj is the calculated solar irradiance level of current day

for particular time slot and compared with one-time slot ahead of past days from the pool.

The size of the pool varies with respect to forecasting horizon and decided by iteration

procedure. To adapt the changing weather conditions, the pool is periodically updated.

For the short-term prediction, solar irradiance profile of most similar day is considered

for reference. For 60, 90 and 120 minutes ahead prediction D is taken as 14, 9 and 14

days respectively.

3.7.1.4 Solar Irradiance Forecasting

1. 30 Minutes Ahead Solar Irradiance Prediction

Solar irradiance prediction for the next time slot is carried out by considering last

time slot of current day in combination with irradiance availability in next time slot

of similar past day. The estimated trend component is added to the energy profile

of the past day to reduce the deviation from the current day energy profile. The

equation for the short term solar irradiance prediction is given as:

Cpredict
t+1 = α× Ct + (1 − α) × (dt+1 + Tt) (3.29)

where

Cpredict
t+1 is predicted irradiance value of future time slot,

Ct is irradiance harvested during the slot t of current day,

dt+1 is most similar stored profile up to time slot t,

Tt is estimated trend component at time slot t,

α is weighting factor; 0≤α≤1.

2. 60, 90, and 120 Minutes Ahead Solar Irradiance Prediction

For 60, 90, and 120 minutes ahead predictions, consideration of correlation between

successive time slots is important to determine the number of past time slots having

impact on prediction of future time slots. For this reason, a new weighting factor,

υi is used to assign weights to past values from the pool and calculated as:

υi =

{

α ∗ (1 − i−1
G

), if i ≤ G

0, if i > G ∀1 ≤ i ≤ F
(3.30)
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where

i is the position of future time slot with respect to current time slot t

G is the number of future time slots having correlation with current slot t

F is the future time slots for which the prediction will be carried out

The parameter υi combine the current irradiance observation with the stored irradi-

ance profiles and works same as weighting factor α in equation 3.29 but in equation

3.30, υi decreases progressively when predicting irradiance for time slots that have

low correlation with current time slots. Equation 3.31 depicts the basic formulation

of Pearson correlation coefficient which is used to calculate such correlation.

r =
N

∑

EpastEfuture − (
∑

Epast)(
∑

Efuture)
√

[N
∑

(Epast)2 − (
∑

Epast)2][N
∑

(Efuture)2 − (
∑

Efuture)2]
−1.0 ≤ r ≤ +1.0

(3.31)

where r represents the correlation coefficient and ranges from -1 to +1. A value of

1 represents the perfect positive correlation; 0 shows no correlation, and -1 shows

perfect negative correlation between data points. N represents the time slots con-

sidered. Epast and Efuture is the solar irradiance at past and future time slots

respectively. Table 3.1 specifies values of parameter G and υi for different forecast-

ing horizons. For the time slots which exceeds the limit of G slots, weighting factor

is set to be zero because of negligible correlation.

Table 3.1: Values of parameter G and υi for different forecasting horizons

Forecasting horizon 60 minutes 90 minutes 120 minutes
G 5 5 6
υi 0.32 0.27 0.22

3. Calculation of Combined Weighted Profile of Past Days

In case of highly unstable weather conditions, consideration of single day solar irra-

diance profile may results in low prediction accuracy. The consideration of multiple

profiles leads to accurate predictions by taking into account potential changes in

weather. The basic approach to improve medium and long term prediction accu-

racy of proposed algorithm is to use a set of similar days from the pool S instead

of using a single similar day and combine them to form a Weighted Profile (WP)

for prediction. The combined weighted profile is computed from the sorted list of

past days. The day with minimum solar irradiance difference with current day is

considered on priority. This feature helps to evaluate the current day for different
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possible weather conditions as for every half an hour the sorted list is revised with

respect to current weather condition. The similarity between the irradiance pro-

files of the current day and days stored in the pool is computed in terms of Mean

Absolute Error (MAE) and given as:

Ed = min
EdǫS

t
∑

i=t−k

1

k
∗ abs(Ci − Ed

i ) (3.32)

where Ed is the most similar profile among the days to the current day C from the

pool S at time slot t and k signifies last time slots considered. If environmental

conditions vary during current day, considering only last k observations reduce

the probability of selecting a wrong irradiance profile as well as the computational

overhead. MAE measures the absolute value of difference between two irradiance

profiles without considering their direction. MAE is the natural measure of average

errors where individual differences are weighted equally. Let Ed1,Ed2,..,Edp is the

ordered list of most similar days from the pool S i.e. days having minimum absolute

error are arranged in ascending order. The combined Weighted Profile (WP) of p

days for the next time slot (t + i) is calculated as:

WPt+i =
1

p− 1

p
∑

j=1

wj ∗E
dj
t+i (3.33)

where wj is the computed weight of individual day using the MAE of k past slots

between the current day and the day selected from the pool which is given as:

wj = 1 −
MAEk(Edj , C)

∑p

j=1MAEk(Edj , C)
(3.34)

E
dj
t+i is the group of similar days from the pool where j varies from 1 to P . Figure

3.12 depicts the calculated combined weighting function in four different forecasting

horizons. Solar irradiance level at each time slot of current day is shown together

with the combined weighting function for that particular slot. It is depicted in the

Figure 3.12 that various weather evolutions of the current day are considered using

multiple energy profiles that lead to improve prediction accuracy and reduce the

impact of forecasting horizon. In the proposed work, arbitrary units (arb. unit) are

used to depict two different quantities on y-axis as shown in Figure 3.12.
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Figure 3.12: Combined weighted profile in different forecasting horizons
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The equation for i period ahead solar irradiance forecasting using combined weighting

function has been given as:

Cpredict
t+i = υi × Ct + (1 − υi) × (WPt+i + (i× Tt)) (3.35)

where Cpredict
t+i is the predicted irradiance and WPt+i is the combined weighted function

for (t + i) time slots.

The simulation results in section 3.9 shows that by calculating the level and trend compo-

nents of a time series together with the reference of past days, the future irradiance values

of few hours ahead in time are calculated accurately. The algorithm 3.1 summarizes the

procedure of proposed algorithm.

3.8 Performance Evaluation Function

The divergence of predicted irradiance value from the real irradiance intake at a particular

time instant is the basis of performance evaluation of the proposed algorithm. The Mean

Absolute Percentage Error (MAPE) is used as error function for computing the prediction

error and given as:

Efn =
1

N

N
∑

i=1

abs(1 −
Eactual

Epredicted

) × 100 (3.36)

where Eactual is the real irradiance value and Epredict is the predicted irradiance value for

N time slots (half an hour duration each). In order to have higher accuracy of results, the

time slots where the harvested irradiance level is lesser than 10% of maximum irradiance

of the day, are discarded in performance evaluation.

3.9 Results and Discussions

The performance of the proposed algorithm is evaluated against EWMA, WCMA and

Pro-Energy algorithm and the results are discussed. The values for different parameters

including the smoothing constants (α, ρ, β), the number of past days (D) considered to

make similar day pool, and the number of past time slots considered (k) are selected

where algorithms[58][96] and [110] provide their optimized results. The solar irradiance

predictions are carried out for four forecasting horizons and are given as:
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Algorithm 3.1 Modified Pro-Energy algorithm for solar irradiance prediction

Input parameters:

Real solar irradiance measurement in initial time slot, Ct

Historical solar irradiance measurements of past D days

output parameters: Forecasted solar irradiance, cpredictt+i� Calculation of initial values of level and trend component of the current day vector, C

x′ = L+ T t

T =

∑

tx− (
∑

x)(
∑

t)/n
∑

t2 − ((
∑

t)2)/n

L =

∑

x

n
− b(

∑

t

n
)� Trend Component for Subsequent Time Slots:

Tt = (Lt − Lt−1) + Tt−1

Lt = xt + (Lt−1 + Tt−1)� Smoothing Process
Tt = β ∗ (Lt − Lt−1) + (1− β) ∗ Tt−1

Lt = ρ ∗ xt + (1− ρ) ∗ (Lt−1 + Tt−1)� Extraction of Similar Days from Past Historical Data

Diff(d) = abs(Lj−1 −m(d, j))� Short Term Solar Irradiance Prediction

Cpredict
t+1 = α× Ct + (1− α)× (dt+1 + Tt)� Medium and Long Term Solar Irradiance Prediction

υi =

{

α ∗ (1− i−1
G

), if i ≤ G
0, if i > G ∀1 ≤ i ≤ F� Calculation of Combined Weighted Profile of Past Days

Ed = min
EdǫS

t
∑

i=t−k

1

k
∗ abs(Ci − Ed

i )

WPt+i =
1

p− 1

p
∑

j=1

wj ∗ E
dj
t+i

wj = 1−
MAEk(E

d
j , C)

∑p
j=1MAEk(E

d
j , C)� i period ahead forecast

Cpredict
t+i = υi × Ct + (1− υi)× (WPt+i + (i× Tt))
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3.9.1 30 minutes Ahead Solar Irradiance Prediction

One period ahead prediction estimates the irradiance intake for next 30 minutes dura-

tion. The table 3.2 illustrate different parameter values and manifest the performance of

different algorithms for short term forecasting horizon.

Table 3.2: Different parameters for EWMA, WCMA, Pro-Energy and modified
Pro-Energy for 30 minutes ahead prediction evaluation

EWMA WCMA Pro-Energy Modified Pro-Energy

α Efn% α D k Efn% α D k Efn% ρ β α D K Efn%

0.5 30.98 0.7 14 2 15.92 0.5 14 2 20.8 0.8 0.7 0.5 14 2 13.12

The Figure 3.13 exhibits the predicted irradiance traces with the actual irradiance har-

vested for half an hour time period ahead prediction. Figure 3.13(a) shows the perfor-

mance of EWMA algorithm. The weighting factor, ρ is considered 0.5, and the prediction

error (Efn%) of 30.98% is observed. Figure 3.13(b) reveals the WCMA prediction error

of 15.92% that is almost half in comparison to EWMA. A pool of past 14 days (D) is

used to fetch present day environmental conditions. WCMA gain optimum results by

considering past two-time slot (K) of each day in pool with the weighing constant as

0.7. To evaluate the performance of Pro-Energy, a pool of past 14 day is maintained. By

allocating ρ as 0.5 to previous time slots an error of 20.80% is perceived as apparent in

Figure 3.13(c). It is evident from Figure 3.13(d) that the predicted solar irradiance trace

of the proposed algorithm is best fit to actual irradiance values. By taking previous two

time slots (K) of selected similar days and taking level factor, trend factor and weighting

factor as 0.8, 0.7 and 0.5 respectively, an error function is reduced up to 13.12% which is

less as compared to all considered algorithms and an improvement in prediction accuracy

of 7.68% is achieved from existing Pro-Energy algorithm.

3.9.2 60 Minutes Ahead Solar Irradiance Prediction

The second prediction horizon forecasts the solar irradiance for one hour ahead time

period. The concept of combined weighted profile is used for few hours ahead predic-

tion horizons in Pro-Energy and modified Pro-Energy algorithm in order to increase the

prediction accuracy. Table 3.3 illustrate different parameter values used to evaluate the

performance of considered algorithms.

The Figure 3.14 indicates that error in estimating the future irradiance increases as

we move ahead with respect to the current time slot. Figure 3.14(a) shows a relative
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Figure 3.13: 30 minutes ahead solar irradiance prediction by different algorithms
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Figure 3.14: 60 minutes ahead solar irradiance prediction by different algorithms
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Table 3.3: Different parameters for EWMA, WCMA, Pro-Energy and modified
Pro-Energy for 60 minutes ahead prediction evaluation

EWMA WCMA) Pro-Energy Modified Pro-Energy

α Efn% α D k Efn% υ D P k Efn% υ ρ β D P k Efn%

0.5 35.40 0.7 14 2 24.26 0.32 14 9 2 22.78 0.32 0.8 0.7 14 9 2 18.54

increase of 5% in the prediction error in case of EWMA with weighting factor as 0.5. For

60 minutes ahead forecasting, the prediction error in WCMA is 24.26% which is 8.34%

more than the short term forecasting as depicted in Figure 3.14(b). In this scenario,

the estimation of future irradiance intake is more accurate in Pro-Energy algorithm as

compared to EWMA and WCMA. It is clear from the results in Figure 3.14(c), an error of

22.78% and a relative error increase of 1.98% have been observed in Pro-Energy which is

less in comparison to EWMA and WCMA algorithms. In modified Pro-Energy algorithm,

a combined weighting factor (υ) is taken as 0.32 and the prediction error is reduced to

18.54%, clearly shown in predicted irradiance traces in Figure 3.14(d). An improvement

of 16.86%, 5.72%, and 4.24% is gained in modified Pro-Energy algorithm as compared to

EWMA, WCMA and Pro-Energy respectively.

3.9.3 90 Minutes Ahead Solar Irradiance Prediction

The different parameter values including smoothing constants (υ, ρ, β), number of past

days (D), number of past time slots considered (k), and value of error function of consid-

ered algorithms for one and half an hour ahead time is provided in table 3.4. Similar to

previous test cases, in this forecasting horizon error in estimating future solar irradiance is

minimum in proposed algorithm as compared to EWMA, WCMA, and Pro-Energy.

Table 3.4: Different parameters for EWMA, WCMA, Pro-Energy and modified
Pro-Energy for 90 minutes ahead prediction evaluation

EWMA WCMA) Pro-Energy Modified Pro-Energy

α Efn% α D k Efn% υ D P k Efn% υ ρ β D P k Efn%

0.5 42.58 0.7 14 2 34.78 0.27 9 7 6 28.82 0.27 0.8 0.7 9 7 6 24.52

In Figure 3.15, it is observed that the predicted irradiance traces deviate from actual

irradiance values heavily when the distance increases in prediction horizons with respect

to the current time. An error of 42.58% is detected in EWMA which is 7.18% more

in comparison to 60 minutes ahead forecasting as shown in Figure 3.15(a). A similar

response is observed in WCMA, given in Figure 3.15(b), where an error of 34.78% is

noticed and a relative increase of 10.52% is obtained from the previous forecasting horizon.
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Figure 3.15(c) depicts that Pro-Energy algorithm offers 28.82% prediction error with υ

as 0.27 and a relative increase of 6.04% from 60 minutes ahead forecasting error. The

use of the time series components (level and trend) in the proposed algorithm attain the

actual irradiance traces and reduce the prediction error. The results are drawn in Figure

3.15(d) that indicate that the prediction error of 24.52% is observed and 18.06%, 10.26%,

and 4.3% error reduction are achieved in the modified Pro-Energy algorithm as compared

to EWMA, WCMA and Pro-Energy algorithm.

3.9.4 120 Minutes Ahead Solar Irradiance Prediction

The results are drawn for two hours ahead prediction revealed that the minimum error

is provided by the modified Pro-Energy algorithm in this horizon. Table 3.5 shows the

different parameters and their associated values taken for simulation. The error reduction

of 23.85% is observed in the modified Pro-Energy algorithm with values of υ, ρ, β, D, k as

0.22, 0.8, 0.7, 14, and 1 respectively. An error reduction of 27.33%, 23.2%, and 5.84% is

achieved in the proposed algorithm as compared to rest of three algorithms. It is justified

by the Figure 3.16 that the estimated irradiance values by the proposed algorithm are

best fitted with the actual solar irradiance values.

Table 3.5: Different parameters for EWMA, WCMA, Pro-Energy and modified
Pro-Energy for 120 minutes ahead prediction evaluation

EWMA WCMA) Pro-Energy Modified Pro-Energy

α Efn% α D k Efn% υ D P k Efn% υ ρ β D P k Efn%

0.5 51.18 0.7 14 2 47.05 0.22 14 9 1 29.69 0.22 0.8 0.7 14 9 1 23.85

The Figure 3.17 shows the average prediction errors of considered algorithms in four

forecasting horizons. It clearly illustrates that the proposed algorithm consistently out-

performs EWMA, WCMA and the Pro-Energy algorithm for all forecasting horizons in

terms of prediction accuracy.

The results revealed that by calculating the level and trend components of a time series

together with the reference of past days, the future irradiance values up to few hours ahead

in time are calculated accurately. The weather conditions are uncertain and are best

estimated by evaluating the energy profiles of similar past days. Specially, by estimating

the trend of a time series, the sudden weather changes are traced more precisely.
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Figure 3.15: 90 minutes ahead solar irradiance prediction by different algorithms
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Figure 3.16: 120 minutes ahead solar irradiance prediction by different algorithms
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Figure 3.17: Average prediction error in different forecasting horizons

3.10 Concluding Remarks

The critical analysis on statistical models is done for solar irradiance prediction. It is

found that EWMA and WCMA are suitable for the very short-term forecasting horizons

(30 minutes) whereas the Pro-Energy prediction algorithm is well suited for few hours

ahead forecasting horizon. The time series analysis is taken as the main methodology

to modify the Pro-Energy prediction algorithm. The smoothened level and the trend

components of the time series are computed to estimate the future irradiance level. The

extraction of similar days from past historical data is done to maintain a pool having

similar characteristics as the current day. The short term solar irradiance forecasting is

carried out using the most similar day from the pool having a minimum absolute error

with the current day. For few hours ahead forecasting, a set of most similar days is taken

instead of a single day to improve prediction accuracy. The combined weighted profile

of selected days is computed to consider different weather conditions. The simulation

results validate the effectiveness of the proposed work in term of reduced prediction error

in 30, 60, 90, and 120 minutes ahead prediction in comparison with EWMA, WCMA,

and the pre-existing Pro-Energy algorithm.

For 30 minutes ahead solar irradiance prediction, the modified Pro-Energy algorithm

offers 13.12% prediction error which is acceptable in short term forecasting. The proposed

approach shows better response in comparison to existing EWMA, WCMA, and Pro-

Energy algorithms which offers prediction error of the order of 30.98%, 15.92%, and

20.8% respectively.

The response of the modified Pro-Energy algorithm is not very much affected for 60 min-

utes ahead solar irradiance prediction. The proposed method offers an error of the order
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of 18.54% which is less in comparison to EWMA, WCMA, and Pro-Energy algorithms

(35.40%, 24.26%, and 22.78% respectively) and results in close estimation of future energy

profiles.

For 90 minutes ahead solar irradiance prediction, the modified Pro-Energy algorithm

offers 24.52% prediction error which is less in comparison to 42.58%, 34.78%, and 28.82%

offered by EWMA, WCMA, and Pro-Energy algorithms respectively.

For 120 minutes ahead solar irradiance prediction, the proposed approach results in ac-

curate estimations of solar profiles with prediction error of the order of 23.85%. Similar

to previous test cases, in this forecasting horizon the resultant prediction error is less as

compare to EWMA, WCMA, and Pro-Energy algorithms (51.18%, 47.05%, and 29.69%

respectively).
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Chapter 4

Optimized Solar Forecasting Approach Using

Machine Learning

Machine learning based solar forecasting is carried out in the present chapter. The work

is divided in two parts. In Part A, five independent machine learning models including

FoBa, leapForward, Spikeslab, Cubist, and bagEarthGCV are analysed and simulated.

In Part B, ensembled approach of these models is proposed and analysed to improve the

prediction accuracy.

Part A

Rechargeable wireless sensor networks mitigate the life span and cost constraints pro-

pound in conventional battery operated networks. Reliable knowledge of solar radiation

is essential for informed design, deployment planning, and optimal management of self-

powered nodes. The problem of solar irradiance forecasting is well addressed by machine

learning methodologies over historical data set. The characteristic of machine learning

models to trace relation between input and output parameters allow this methodology to

be successful in various domains including classification, data mining, and solar forecast-

ing. Classification and data mining have been considered as the initial step for machine

learning based models as pre-processing of data has been required with big datasets.

In proposed work, forecasts are done using FoBa, leapForward, Spikeslab, Cubist, and

bagEarthGCV models to track effective solar forecasting models and analyse prediction

accuracy of each model. Machine learning is applied on historical solar intensity obser-

vations as training dataset to calculate future solar irradiance for different forecasting

horizons irrespective of seasonal variation and input parameters availability. To vali-

date the effectiveness of these methodologies, a series of experimental evaluations are

presented in terms of forecast accuracy, correlation coefficient, and Root Mean Square

Error (RMSE). The R interface is used as simulation platform for these evaluations. The

dataset from National Renewable Energy Laboratory (NREL) is used for experiments.

The experimental results exhibits that from few hours to two days ahead solar irradi-

The proposed work has been published in Renewable and Sustainable Energy Reviews jour-
nal, 82(3), pp. 2254-2269, 2017.
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ance prediction is precisely estimated by machine learning based models irrespective of

seasonal variation in weather conditions.

4.1 Solar Irradiance Forecasting Platform

4.1.1 Machine Learning Methodology

All machine learning based algorithms works to trace a predictive model that estimates

a particular type of data with high accuracy. Large dataset is essential for the learn-

ing algorithm to understand the behaviour of the system. Figure 4.1 exhibits the basic

machine learning methodology. First step for machine learning based system is data

procurement. Collected data is divided from different prospectives and summarizes in

useful information. The steps included in this process is data cleansing and data segrega-

tion. Data is segregated in three disjoint sets, training, testing, and blind set. Training

dataset is applied for model training and testing dataset is used for model optimization

and evaluation. Blind dataset is used for result analysis and cross validation.

Figure 4.1: Flow diagram of machine learning methodology

4.1.2 Machine Learning Models

In proposed work, machine learning time series models which are based on historically

observed solar irradiance as input parameter are used for solar forecasting called endoge-

nous forecasting. Figure 4.2 summarizes five forecasting models used in proposed work

with their methodologies and explained in following section:
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Figure 4.2: Machine learning based models

4.1.2.1 FoBa (Adaptive Forward Backward Greedy Algorithm)

FoBa is based on forward greedy algorithm with adaptive backward steps[151][277]. The

objective is to remove any error caused by earlier forward steps and avoid large number

of basis functions. Adaptive backward steps ensure that any backward greedy step will

not erase gain made in forward steps. Consider n input vectors xiǫR
d (i=1, 2, ..., n), d

feature vectors fjǫR
n (j=1, 2, ..., d) with output variables yǫRn. Each fj is equivalent

to jth feature component of xi that corresponds to fj,i = xi,j. By considering a linear

prediction model f(x)= wTx and imposing emphasis on weight w to generate a regularized

problem with main constraint as sparsity, corresponds to non convex L0 regularization.

By defining ‖w‖0=|j : wj 6= 0| = sp, L0 regularization is computed as:

w. = arg min
wǫRd

1

n

n
∑

i=1

φ(wTxi, yi) ‖w‖0 ≤ sp (4.1)

where sp is sparsity parameter. If sp is not given, it is considered as tuning parameter

and selected by cross validation method. This process is known as subset selection and

important in machine learning. The prediction accuracy is evaluated by loss function

φ(wTxi, yi). For simplification, equation 4.1 is re-written as non convex L0 regularization

problem with sparsity parameter sp and cost function R(w) and given as:

w. = arg min
wǫRd

R(w) (4.2)

subject to ‖w‖0 ≤ sp where w=[w1, w2, ...., wd]ǫR
d. For least square regression, R(w) is

a real valued cost function and calculated as:

R(w) = n−1‖
d

∑

j=1

wjfj − y‖22 (4.3)
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A backward step is taken when the increase of cost function is no more than half of the

decrease of cost function in earlier forward steps i.e. if l forward steps are taken, the

cost function should be decreased by at least by an amount of lε/2. This means that if

R(W ) ≥ 0 for allwǫRd, the algorithm terminates after no more than 2R(0)/ε steps. The

procedure for FoBa is summarized in the algorithm 4.1.

Algorithm 4.1 FoBa: Forward- Backward greedy algorithm

Input parameters: f1,.....,fd, yǫR
n and ε > 0

output parameters: F sp and wsp

Let F (0)=φ and W (0)=0
Let sp=0
while
Let sp=sp+1 // Forward step
Let isp=arg miniminαR(W SP−1+αei)
Let F sp=(isp)∪(F sp−1)
Let wsp=w.(F sp)
δ=Forward/backward step square error reduction
Let δk=R(w(sp−1))-R(wsp)
if (δsp ≤ ε)
sp=sp-1
break
endif

// Backward step(after few forward steps)
while
Let jsp=arg minjǫF (sp) R(w(sp)-w

(sp)
j ej) where ej = zero vector and ejǫR

d

Let δx=R(w(sp) − w
(sp)

j(sp)
ej(sp) −R(w(sp)))

if δx =(0.5)δsp

break
sp=sp-1
F sp = F sp+1 − jsp+1

Let wsp=w.(F sp)
end
end

4.1.2.2 leapForward

leapForward model is based on linear regression with forward subset selection. It performs

exhaustive search using match-select-action cycle for tracing best subset of predicting

variables[278]. Selecting subset refers to finding a small set of independent variables

that offers less prediction error in predicting the dependent variables with measures of

goodness-of-fit. With a given set of variables X1, X2, ..., Xk, the focus is to trace a subset
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of p < k variables X(1), X(2), ..., X(p) which minimizes equation 4.4 in least square sense,

S =

n
∑

i=1

(yi −

p
∑

j=1

b(j)xi,(j))
2 (4.4)

xi,(j), yi are the ith observations of variables X(j) and Y signifies the predicted data points,

bj denotes the least square regression coefficient.

In the forward selection procedure, the first variable selected is that variable Xj for which

S =

n
∑

i=1

(yi − b(j)xi,j)
2 (4.5)

is to be minimized. bj minimizes S for variable Xj. The value of bj is given as

bj =

n
∑

i=1

x(i,j)yi/

n
∑

i=1

x2
ij (4.6)

By using the value of bj in equation 4.5, the new equation follows that

S =

n
∑

i=1

y2i − (

n
∑

i=1

x(i,j)yi)
2/

n
∑

i=1

x2
ij (4.7)

Thus, the variable should be selected that maximizes

(

n
∑

i=1

x(i,j)yi)
2/

n
∑

i=1

x2
ij (4.8)

If the equation 4.8 is divided by
∑n

i=1 y
2
i , the square of the cosine of the angle between

vectors Xj and Y is generated. The cosine is the correlation between the variables Xj

and Y , if the mean is subtracted from each variable. If X(1) is denoted as the first selected

variable, the residuals Y −X(1)b(1) are orthogonal to X(1). For the reduction of the sum

of squares by adding further variables, the space orthogonal to X(1) should be selected.

Thus, the next variable selection is formulates as:

Xj.(1) = Xj − bj,(1)X1 (4.9)

where bj,(1) is the least square regression coefficient of Xj based on X(1). The equation

4.8 will maximize when Y is replaced by Y −X(1)b(1) and Xj is replaced by Xj.(1).

The consecutive terms of sum of squares and products is calculated directly from pre-
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vious sum of squares and product terms without calculating the individual orthogonal

components for n observations. If the mean is subtracted from each variable, the new

selected variable has the largest correlation with variable Y .

Thus, the selected variables X(1), X(2), ..., X(p) are sequentially added to the predic-

tion equation in order to minimize residual sum of squares and to improve prediction

accuracy.

4.1.2.3 Spikeslab

The Spikeslab model is a generalization of elastic net with Bayesian estimates[148][150].

These computed estimates follows weighted generalized ridge regression approach to han-

dle correlated large datasets. The model is implemented in three stages shown in Figure

4.3 and listed below:

Figure 4.3: Flow diagram of Spikeslab

In step 1, filtering process carries top (n × F ) variables where n is the sample size and

F > 0 is the user defined fraction. Rest of the variables are filtered out to reduce the

dimension. The posterior mean coefficient is calculated using Gibbs sampling[279] for

appropriate ordering of variables.

Step 2 refit the model using only those variables that are not filtered in step 1. Gibbs

sampler is used for model fitting. The algorithm returns fast execution process because

of the reduced variables from the large dataset. A blocking technique is used to further

reduce the computation time. The posterior mean of regression coefficients is calculated

referred to as Bayesian Model Averaged (BMA) and used to estimate the regression

coefficients.

Generalized Elastic Net (gnet) in step 3 is used for variable selection. Variables obtained

from restricted BMA from step 2 are classified in groups. Grouping forces the variables

to share a common regularization parameter. BMA obtain l2 regularization parameters

and solution path is determined with respect to l1 regularization parameters using lars R

package[280]. There is no limit on number of groups. A variable that does not appear in

the list will be assigned to a default group that has its own group specific regularization

parameter.
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4.1.2.4 Cubist

Cubist was developed by Quinlan[145] for inducing trees for regression models. Cubist is

a rule based predictive model where each rule carries a multivariate linear model. These

models works on the predictions of previous splits[281][146]. When a case satisfies all rule

based conditions, the associated model is used for prediction. Figure 4.4 shows the flow

diagram of Cubist model.

In first stage, recursive partitioning (divide and conquer) of training cases is exercised to

generate piecewise linear model in the form of regression based model tree. Each training

case has a set of attributes and associated target value.

Figure 4.4: Flow diagram of Cubist model

The basic approach is to generate a model that relates target values of the training cases

to their values of other attributes. A splitting criteria is used to minimize the intra subset

variation in the class values instead of maximizing the information gain at each interior

node. The splitting criteria is based on computing standard deviation of target values

in T . The attribute that minimizes standard deviation is chosen. If sd(Ti) is considered

as standard deviation of the target in Ti cases where i=1, 2, .., n, reduction in standard

deviation is calculated as:

Error = sd(T ) −

n
∑

i=1

Ti

T
× sd(Ti) (4.10)

where T is the set of cases that reaches to the node and T1, T2 are selected cases after

splitting the node according to chosen attributes.

At the second stage, pruning is carried out by estimating the expected error that will be

experienced at each node for test data. Each linear model is simplified by eliminating

parameters in order to reduce its estimated error. Parameters are eliminated one by

one so long as the error estimate decreases. Each internal node of the tree has both a

simplified model and a model subtree. The one with lowest estimated error is chosen.

Firstly, the absolute difference between actual and predicted data value is averaged for

each training case that reach the node. The calculated parameter is multiplied by a factor

of (n + p)/(n− p) where n is the training cases and p is the number of parameters that

represents the class value at each node. Further, for each interior node a linear model
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is estimated by using the standard regression approach. The induced tree is simplified

by dropping the certain cases in order to minimize the estimated error. The terms

are dropped sequentially as long as the error estimates decreases. Finally, when tree is

induced for each interior node, tree is pruned back from leaves.

Finally, smoothing process is carried out to compensate abrupt discontinuities between

adjacent linear models of a pruned tree. A predicted value from a leaf model is adjusted

to account models at the nodes along the path from root to that leaf. Smoothing is

carried out by multiplying output from a leaf model with the value predicted by linear

model of that node. The calculation is as follows:

Predicted” =
g × Predicted′ + g × Predicted

n + g
(4.11)

where Predicted” is the prediction passed on the next higher nodes, Predicted′ is predic-

tion passed to this node from below, Predicted is the predicted value at this node, n is

the number of training cases that reach the node below and g is a constant. Smoothing

process increases the prediction accuracy significantly.

4.1.2.5 bagEarthGCV

The bagEarthGCV is a non-parametric regression technique and is based on Multivariate

Adaptive Regression Splines (MARS)[144][282]. Open source implementations of MARS

are termed as Earth which are licenced to Salford systems[283]. The relationship between

independent and dependent variables is constructed using a set of coefficients and two

sided truncated basis functions that are calculated using regression data. The MAR-

Splines model is implemented by the following equation:

y = f(x) = W0 +

U
∑

u=1

Wuhu(x) (4.12)

where y is dependent output variable, f(x) is predicted as a function of predictor variable

x, intercept parameter W0 and weighted sum of one or more basis functions hu(x). Each

Wu is a constant coefficient. To increase the measure of goodness-of-fit, more basis

functions are added until a user defined complexity level is reached.� Pruning

After forward stepwise selection of basis functions, a backward procedure called

pruning is applied to remove those basis functions which are least concerned with

increase in goodness-of-fit. The generalized cross validation error is a measure of
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goodness-of-fit that considers residual error together with model complexity and

formulated as:

GCV =

∑N

i=1(yi − f(xi))
2

(1 − B
N

)2
B = 1 + b.df (4.13)

In equation 4.13, N signifies number of cases in dataset, df is degree of freedom

which is equal to independent basis functions and b corresponds to the penalty of

adding a basis function.

4.2 Description of Database

To determine the effectiveness of above mentioned models, historical solar data set in-

cluding daily solar irradiance over a period of six years (January 1, 2010 to December 31,

2015) is collected from National Renewable Energy Laboratory (NREL). The data set ob-

tained from NREL is sampled on per minute basis on horizontal plane with 1440 samples

per day. Historical data for the same month from all the six years is taken for train-

ing. For instance, if March 11, 2016 is to be predicted, the March dataset is taken from

the years from 2010 to 2015 for training. This is done to circumvent variable maximum

and minimum solar irradiance and different duration of sunshine for different months.

Best input selection is the primary goal to train models for different forecasting horizons.

Different configurations of historical data set are tested to downright the training pro-

cess. Season (spring, summer, monsoon, and winter) base training of different models is

performed. The models are trained for ±5 to ±25 past days (Dd−1, Dd−2, ..., Dd−n) and

for 6:00 am onwards past time slots (T t−1, T t−2, ..., T t−n). These features are selected

by exhaustive simulation process with respect to correlation coefficient (r), coefficient of

determination (r2), RMSE, and accuracy. Machine learning based models assure similar

meteorological behaviour in training and testing datasets while keeping a ratio of 70%

training and 30% testing. The proposed methodology is generalized and applicable to

any year or country. As the presented approach utilize the historical dataset, the only

condition is to select past historical records from the same geographical locations, sim-

ilar weather conditions and from the same seasons of the year for which the prediction

is to be made. Further, in cloudy versus sunny weather conditions, definitely there is

a difference in expected energy levels. The proposed methodology is not specific to any

particular year or to a particular country. As the presented approach utilize the historical

dataset, the only condition is to select past historical records from the same geographical

locations, similar weather conditions and from the same seasons of the year for which the

prediction is to be made. Further, in cloudy versus sunny weather conditions, definitely

there is a difference in expected energy levels.
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4.3 Performance Matrixes

To precisely evaluate the prediction accuracy of previously described models, four statis-

tical quality measures are adopted. These measures are executed by the equations 4.14

and 4.15, given as:� Correlation is a statistic that interpret the degree of correspondence between two

variables and is computed as:

r =
N

∑

EactualEpredicted − (
∑

Eactual)(
∑

Epredicted)
√

[N
∑

(Eactual)2 − (
∑

Eactual)2][N
∑

(Epredicted)2 − (
∑

Epredicted)2]
−1.0 ≤ r ≤ +1.0

(4.14)

where N is the number of samples, EPredicted is predicted solar irradiance, and EReal

is the real time solar irradiance.� Coefficient of determination, r2 (0 ≤ r2 ≤ 1) exhibit the proportional variation

of one variable which is predicted from other variable by measuring the predicted

values that are best fit to regression line. Square of correlation coefficient, r2 is

taken as coefficient of determination in linear least square regression.� To calculate the difference between real time measurements and specific model

predicted values, Root Mean Square Error (RMSE) or Root Mean Square Deviation

(RMSD) is used:

RMSE =

√

√

√

√

1

T

T
∑

t=1

(Eactual −Epredicted)2 (4.15)

where T is the time slots under consideration.� Accuracy measures the proximity of the analytical results to the actual value. In

proposed work an acceptance error of ±20% is considered.

The model performance has not been evaluated for night test samples as solar irradiance

is not available during night hours.

4.4 Simulation and Result Discussion

A series of simulation experiments are performed to study the accuracy of five solar

irradiance forecasting models. A common platform is used to run all experiments. The

present section narrate different experimental results. Historical data of last six years

from NREL is used for training. To evaluate the forecasting models in different weather
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conditions, four days, 11th March (spring), 25th June (summer), 30th August (monsoon)

and 31st December (winter) from different seasons of year 2016 are used for testing. It

is seen from Figure 4.5 that the data on 11th March and 30th August is smooth as these

are sunny days, data on 25th June varies throughout the day because of cloudy weather

conditions, data on 31st December possesses smooth behaviour with lower maximum and

minimum solar intensity thresholds because of winter season.

Figure 4.5: Seasonal variation in solar irradiance with days of a year

4.4.1 Experiments

Three test cases are carried out to access prediction effectiveness based on input parameter

selection. In the first one, impact of number of past days on prediction accuracy is

evaluated. Second experiment evaluate the performance by varying number of past time

slots. In the third experiment, different forecasting horizons are considered to evaluate

the forecasting models.

4.4.1.1 Prediction Accuracy With Respect to Number of Past Days

In test 1, simulation is performed with 10 to 50 past days for training and 5 to 25 past

days for testing for all five forecasting models. As shown in table 4.1, for 11th March,

leapForward shows maximum accuracy of 96.08% with ±15 training days and 15 past

days for testing. Cubist achieves maximum accuracy of 78.95% for 25th June with ±5

training days and 5 historical days for testing. For 30th August, an accuracy of 89.47%

is achieved by bagEarthGCV with ±5 training days and 5 historical days for testing. An

accuracy of 98.21% is gained by FoBa with ±20 training days and 20 days for testing

for 31st December. The performance ranking of above mentioned models is complicated
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because relationship between past days weather metrics and present day solar intensity

is random in nature. The choice of most accurate model with adequate number of past

days depends upon on present day weather conditions and is iteration specific. However,

it is observed that prediction accuracy is satisfactory if model is trained for the same

month i.e. ±15 days for which the prediction to be done.
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Table 4.1: Comparison results of five forecasting models for selection of historical days for forecasting (Test 1)

Season(2016) 11 March (Spring) 25 June (Summer) 30 August (Monsoon) 31 December (Winter)

Past days (Training) ±5 ±10 ±15 ±20 ±25 ±5 ±10 ±15 ±20 ±25 ±5 ±10 ±15 ±20 ±25 ± 5 ±10 ±15 ±20 ±25

Past days (Testing) 5 10 15 20 25 5 10 15 20 25 5 10 15 20 25 5 10 15 20 25

FoBa

r 0.94 0.98 0.98 0.96 0.96 0.96 0.98 0.95 0.96 0.89 0.97 0.95 0.94 0.93 0.97 0.99 0.97 0.97 1 0.98

r2 0.88 0.96 0.96 0.92 0.92 0.92 0.96 0.9 0.92 0.79 0.94 0.9 0.88 0.86 0.94 0.98 0.94 0.94 1 0.96

RMSE 55.41 32.25 35.77 36.51 38.36 64.18 47.22 56.59 57.88 98.98 33.71 33.23 28.54 31.68 21.69 14.77 17.05 15.99 2.92 11.07

accuracy 47.37 70.27 52.94 66.07 67.86 57.89 64.86 50.91 54.55 29.09 42.11 56.76 65.45 57.14 78.57 63.16 89.19 78.18 98.21 85.71

leapForward r 0.89 0.98 0.99 0.96 0.96 0.99 0.98 0.95 0.96 0.87 1 0.87 0.94 0.91 0.96 0.99 0.96 0.97 0.98 0.98

r2 0.79 0.96 0.99 0.92 0.92 0.98 0.96 0.9 0.92 0.76 1 0.76 0.88 0.83 0.92 0.98 0.92 0.94 0.96 0.96

RMSE 63.67 32.03 3.07 42.11 38.3 44.42 47.14 56.44 57.88 100.3 14.69 41.31 29.61 33.18 21.67 12.9 17.32 14.14 13.49 12.17

accuracy 47.37 48.65 96.08 57.14 67.86 42.11 64.86 50.91 54.55 23.64 73.68 64.86 61.82 73.21 83.93 84.21 78.38 80 78.57 82.14

Spikeslab r 0.94 0.98 0.99 0.96 0.97 0.98 0.99 0.95 0.97 0.88 1 0.94 0.95 0.93 0.97 1 0.97 0.98 0.95 0.93

r2 0.88 0.96 0.98 0.92 0.94 0.96 0.98 0.9 0.94 0.77 1 0.88 0.9 0.86 0.94 1 0.94 0.96 0.97 0.92

RMSE 47.96 27.98 25.62 36.17 34.34 35.53 35.89 55.57 53.46 93.77 12.52 30.64 28.8 30.33 19.86 9.74 17.06 13.75 16.34 20.56

accuracy 57.89 67.57 66.67 66.07 62.5 63.16 56.76 43.64 54.55 36.36 89.47 72.97 63.64 67.86 80.36 78.95 72.97 83.64 75.88 70.66

Cubist r 0.93 0.99 0.99 0.98 0.97 0.99 0.98 0.95 0.98 0.86 0.99 0.92 0.95 0.93 0.97 0.99 0.97 0.97 0.99 0.98

r2 0.86 0.98 0.98 0.96 0.94 0.98 0.96 0.9 0.96 0.74 0.98 0.85 0.9 0.86 0.94 0.98 0.92 0.94 0.98 0.96

RMSE 53.62 21.7 14.31 25.5 34.28 35.18 36.79 49.61 35.47 100.9 10.98 37.1 26.71 30.62 18.51 12.39 17.55 14.66 9.24 10.38

accuracy 63.16 75.68 84.31 76.79 64.29 78.95 59.46 60 61.82 47.27 84.21 64.86 74.55 71.43 76.89 78.95 78.38 78.18 87.5 89.29

bagEarthGCV r 0.95 0.98 1 0.97 0.96 0.98 0.98 0.95 0.96 0.86 0.99 0.89 0.95 0.93 0.97 1 0.96 0.97 0.98 0.98

r2 0.9 0.96 1 0.94 0.92 0.96 0.96 0.9 0.92 0.74 0.98 0.79 0.9 0.86 0.94 1 0.92 0.94 0.96 0.96

RMSE 35.92 25.39 9.49 27.04 39.05 50.68 44.81 60.85 54.53 109 11.27 38.15 29.87 31.68 19.65 8.49 19.82 15.14 12.14 11.27

accuracy 63.16 75.68 88.24 71.43 50 52.63 43.24 43.64 45.45 36.36 89.47 67.57 65.45 66.07 78.57 84.21 75.68 81.82 82.14 89.29
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4.4.1.2 Prediction Accuracy With Respect to Initial Past Time Slots

In test 2, initial time slots from 6:00 am to 10:00 am are considered for performance

evaluation. Simulation results in table 4.2 exhibits the effect of initial past time slots on

prediction accuracy. For different four days (11th March, 25th June, 30th August, and 31st

December) of the year 2016, FoBa offers maximum accuracy (70.27%, 64.86%, 66.07%,

and 98.21% respectively) with past samples taken from 7:00am onwards. The methodol-

ogy of leapForward model has least effect of initial past samples on prediction accuracy.

For 11th March, 25th June, 30th August, and 31st December maximum accuracies are

96.08%, 64.86%, 83.93%, and 84.21% respectively for almost all time slots. Experimen-

tal results shows that similar to leapForward model, Spikeslab offers less variation with

respect to initial time slot consideration. For 11th March, 25th June, and 31st December,

maximum accuracy (78.38%, 68.42%, 85.45% respectively) is gained with past time slots

from 10:00 am onwards. For 30th August maximum accuracy (78.95%) is gained with

past samples from 6:00 am onwards. Cubist model achieves high prediction accuracy

with large past sample consideration (6:00 am onwards). For 11th March, 25th June, 30th

August, and 31st December maximum accuracies are 90.2%, 78.95%, 84.21%, and 85.71%

respectively. Similar results are obtained for bagEarthGCV where prediction accuracy of

the order of 94.12%, 63.16%, 94.74%, and 89.29% is achieved for 11th March, 25th June,

30th August and 31st December respectively for different past samples. It is observed

from the above test that prediction accuracy is affected by those time slots which are

having considerable solar intensity. It is seen in table 4.2 that by considering solar irra-

diance observation from 7:00am onwards, satisfactory level of measures of goodness-of-fit

is achieved.

4.4.1.3 Prediction Accuracy with Respect to Forecasting Horizon and Sea-

sonal Validation

To investigate the prediction accuracy of five forecasting models with respect to different

forecasting horizons, simulation tests have been conducted for 1 hour ahead, 24 hours

ahead, and 48 hours ahead solar forecasting in test 3.

1. 11th March 2016

For 11th March, 2016, historical days from 25th February to 27th March (±15

days)(2010-2015) are used for training. The testing data is taken from 25th February

2016 to last considered horizon. Initial past time slots are taken from 7:00am.
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Table 4.2: Comparison results of five forecasting models for selection initial past time slots for forecasting (Test 2)

Season(2016) 11 March (Spring) 25 June (Summer) 30 August (Monsoon) 31 December (Winter)

Initial past time slots 6:00
AM

7:00
AM

8:00
AM

9:00
AM

10:00
AM

6:00
AM

7:00
AM

8:00
AM

9:00
AM

10:00
AM

6:00
AM

7:00
AM

8:00
AM

9:00
AM

10:00
AM

6:00
AM

7:00
AM

8:00
AM

9:00
AM

10:00
AM

FoBa

r 0.92 0.98 0.97 0.98 0.98 0.96 0.98 0.95 0.95 0.96 0.97 0.97 0.95 0.96 0.96 0.99 1 0.99 0.99 0.99

r2 0.85 0.96 0.94 0.96 0.96 0.92 0.96 0.9 0.9 0.92 0.94 0.94 0.9 0.92 0.92 0.98 1 0.98 0.98 0.98

RMSE 63.03 32.25 34.49 29.89 34.37 76.3 47.22 75.02 75.02 64.81 23.33 23.33 33.23 28.8 29.08 14.77 2.92 14.49 11.18 12.46

accuracy 49.02 70.27 60.78 62.75 62.75 32.43 64.86 43.24 43.24 40.54 66.07 66.07 56.76 57.14 57.14 63.16 98.21 63.16 78.95 78.95

leapForward

r -0.59 1 1 1 1 0.98 0.98 0.98 0.98 0.98 0.96 0.96 0.96 0.96 0.96 0.99 0.99 0.99 0.99 0.99

r2 0.35 1 1 1 1 0.96 0.96 0.96 0.96 0.96 0.92 0.92 0.92 0.92 0.92 0.98 0.98 0.98 0.98 0.98

RMSE 654.5 3.07 3.07 13.55 3.07 47.14 47.14 47.14 47.14 47.14 21.67 21.67 21.67 21.67 21.67 12.9 12.9 12.9 12.9 12.9

accuracy 0 96.08 96.08 78.43 96.08 64.86 64.86 64.86 64.86 64.86 83.93 83.93 83.93 83.93 83.93 84.21 84.21 84.21 84.21 84.21

Spikeslab

r 0.98 0.98 0.98 0.98 0.98 0.98 0.99 0.98 0.98 0.99 1 0.94 0.95 0.99 1 0.98 0.97 0.97 0.97 0.97

r2 0.96 0.96 0.96 0.96 0.96 0.96 0.98 0.96 0.96 0.98 1 0.88 0.9 0.98 1 0.96 0.94 0.94 0.94 0.94

RMSE 27.98 27.98 28.19 28.23 29.18 35.13 35.89 40.42 33.24 32.36 13.9 30.64 28.8 20.84 15.63 14.18 17.06 13.48 13.62 13.18

accuracy 70.27 67.57 70.27 67.57 78.38 63.16 56.76 63.16 63.16 68.42 78.95 72.97 63.64 57.89 57.89 83.64 72.97 85.45 81.82 85.45

Cubist

r 0.99 0.99 0.97 0.98 0.97 0.98 0.99 0.98 0.98 0.98 0.99 0.92 0.99 0.99 0.99 0.98 0.97 0.98 0.98 0.98

r2 0.98 0.98 0.94 0.96 0.94 0.96 0.98 0.96 0.96 0.96 0.98 0.85 0.98 0.98 0.98 0.96 0.92 0.96 0.96 0.96

RMSE 11.72 21.7 16.62 17.17 34.28 47.16 35.18 50.23 45.21 39.39 10.98 37.1 12.78 12.78 14.87 11.22 17.55 10.84 12.47 12.41

accuracy 90.2 75.68 90.2 86.27 64.29 57.89 78.95 47.37 52.63 57.89 84.21 64.86 84.21 84.21 84.21 85.71 78.38 83.93 83.93 82.14

bagEarthGCV

r 0.99 0.98 1 0.99 1 0.99 0.98 0.99 0.96 0.98 0.99 0.99 1 0.99 1 0.98 0.96 0.97 0.98 0.98

r2 0.98 0.96 1 0.98 1 0.98 0.96 0.98 0.92 0.96 0.98 0.98 1 0.98 1 0.96 0.92 0.94 0.96 0.96

RMSE 10.29 25.39 8.8 10.41 7.45 34.08 44.81 46.4 71.59 40.84 13.54 11.27 9.84 16.02 11.64 11.22 19.82 13.32 11.16 10.59

accuracy 90.2 75.68 90.2 94.12 86.27 63.16 43.24 42.11 42.11 52.63 84.21 89.47 94.74 78.95 78.95 85.71 75.68 83.93 87.5 89.29
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Table 4.3: Observations form 11th March 2016 predictions

11th March 2016

Parameters 1 hour ahead forecasting 24 hours ahead forecasting 48 hours ahead forecasting

Optimized model bagEarthGCV Cubist Spikeslab

Accuracy(%) 90.2 79.17 69.09

r2 1 0.94 0.88

RMSE 8.52 38.22 45.15

In one hour ahead prediction, highest prediction accuracy (90.2%) is achieved by

bagEarthGCV with r2 value of 1 and 8.52 RMSE (Figure 4.6). In 24 hours ahead

solar forecasting for 11th March, 2016, prediction accuracy is reduced from 90.2% to

79.17% and offered by Cubist model. The values of correlation coefficient and RMSE

are observed as 0.94 and 38.22 respectively (Figure 4.7). In 48 hours ahead solar

forecasting for 11th March 2016, maximum prediction accuracy (69.09%) is offered

by Spikeslab model with 0.88 correlation coefficient and 45.15 RMSE (Figure 4.8).

Table 4.3 reports the performance indicators in terms of correlation coefficient (r2),

RMSE and accuracy(%)

Figure 4.6: Correlation between predicted and measured solar irradiance for 11th

March, 1 hour ahead prediction

It has been observed that for 11th March 2016 in all three forecasting horizons,

performance matrix is satisfactory and effectiveness of a particular model is weather

specific.
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Figure 4.7: Correlation between predicted and measured solar irradiance for 11th

March, 24 hours ahead prediction

Figure 4.8: Correlation between predicted and measured solar irradiance for 11th

March, 48 hours ahead prediction
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2. 25th June 2016

For 25th June, 2016 in 1 hour ahead prediction, bagEarthGCV gains the highest

prediction accuracy (73.08%) with 0.85 correlation coefficient and 35.58 RMSE

(Figure 4.9). In 24 hours ahead prediction, Cubist model offers the highest accuracy

(65.38%) with 0.94 correlation coefficient and 46.34 RMSE (Figure 4.10). In 48

hours ahead prediction of 25th March 2016, maximum prediction accuracy (62.5%)

is achieved by Spikeslab model with 0.94 correlation coefficient and 53.34 RMSE

(Figure 4.11). The historical days from 10th June to 10th July (±15 days) (2010

to 2015) are used for training. Days from 10th June 2016 to last available slot are

used for testing. Initial past time slots are taken from 7:00am. Table 4.4 enlists the

results of analysis.

Table 4.4: Observations form 25th June 2016 predictions

25th June 2016

Parameters 1 hour ahead forecasting 24 hours ahead forecasting 48 hours ahead forecasting

Optimized model bagEarthGCV Cubist Spikeslab

Accuracy(%) 73.08 65.38 62.5

r2 0.85 0.94 0.94

RMSE 35.58 46.34 53.34

Figure 4.9: Correlation between predicted and measured solar irradiance for 25th June,
1 hour ahead prediction

It is observed that unstable weather conditions as shown in Figure 4.5 and low
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Figure 4.10: Correlation between predicted and measured solar irradiance for 25th June,
24 hours ahead prediction

Figure 4.11: Correlation between predicted and measured solar irradiance for 25th June,
48 hours ahead prediction
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correlation with past days is the reason of low prediction accuracy and high RMSE

in all forecasting horizons for 25th June 2016.

3. 30th August, 2016

In one hour ahead prediction for 30th August 2016, maximum prediction accuracy

(83.78%) is achieved by Spikeslab with 0.98 correlation coefficient and 22.18 RMSE

(Figure 4.12). In 24 hours ahead solar forecasting for 30th August 2016, Spikeslab

offers the maximum prediction accuracy (88.46%) with 0.92 correlation coefficient

and 23.37 RMSE (Figure 4.13). In 48 hours ahead prediction for 30th August 2016,

maximum accuracy (91.67%) is gained by Spikeslab model with 0.92 correlation

coefficient and 22.73 RMSE (Figure 4.14). The historical days from 15th August to

14th September (±15 days) (2010 to 2015)are used for training and days from 15th

August 2016 to last slot available are used for testing. Table 4.5 enlists the results

of analysis.

Table 4.5: Observations form 30th August, 2016 predictions

30th August, 2016

Parameters 1 hour ahead forecasting 24 hours ahead forecasting 48 hours ahead forecasting

Optimized model Spikeslab Spikeslab Spikeslab

Accuracy(%) 83.78 88.46 91.67

r2 0.98 0.92 0.92

RMSE 22.18 23.37 22.73

Figure 4.12: Correlation between predicted and measured solar irradiance for 30th

August, 1 hour ahead prediction
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Figure 4.13: Correlation between predicted and measured solar irradiance for 30th

August, 24 hours ahead prediction

Figure 4.14: Correlation between predicted and measured solar irradiance for 30th

August, 48 hours ahead prediction
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4. 31st December 2016

In 1 hour ahead solar forecasting for 31st December 2016, maximum accuracy

(93.86%) is given by Cubist model with 0.92 correlation coefficient and 10.3 RMSE

Figure 4.15. The Spikeslab model offers highest prediction accuracy (92.7%) for

30th August, 2016 in 24 hours ahead prediction horizon with 0.92 correlation coef-

ficient and 10.73 RMSE (Figure 4.16). For 48 hours ahead forecasting, Spikeslab

offers highest prediction accuracy (91.67%) with 0.94 correlation coefficient and

22.73 RMSE (Figure 4.17). The historical days from 16th December to 15th Jan-

uary (±15 days) (2010 to 2015) are used for training and days from 16th December

2016 to last slot available are used for testing. Initial past time slots are taken from

7:00am. Table 4.6 enlists the results of analysis.

Table 4.6: Observations form 31st December, 2016 predictions

31st December 2016

Parameters 1 hour ahead forecasting 24 hours ahead forecasting 48 hours ahead forecasting

Optimized model Cubist Spikeslab Spikeslab

Accuracy(%) 93.86 92.7 91.67

r2 0.92 0.92 0.94

RMSE 10.3 10.73 22.73

Figure 4.15: Correlation between predicted and measured solar irradiance for 31st

December, 1 hour ahead prediction

It is observed from the results obtained in the above section that Spikeslab and

Cubist model achieves high prediction accuracy with respect to different forecasting
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Figure 4.16: Correlation between predicted and measured solar irradiance for 31st

December, 24 hours ahead prediction

Figure 4.17: Correlation between predicted and measured solar irradiance for 31st

December, 48 hours ahead prediction
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horizons for all seasons of a year. But not a particular model is equally good in all

the test cases. this issue is addressed by ensemble modelling approach and presented

in section 4.5.

4.4.2 Concluding Remarks

The applicability of five machine learning models, FoBa, leapForward, Spikeslab, Cu-

bist, and bagEarthGCV in modeling solar irradiance prediction has been investigated

and evaluated under seasonal effects using the same test platform and datasets. The

main contribution is the best parameter selection for these models to improve the pre-

diction accuracy in different forecasting horizons ranging from 1 hour ahead to 48 hours

ahead. The performance is evaluated by statistical indices including correlation coeffi-

cient, RMSE, and prediction accuracy(%) for each model. Regarding the results obtained

in test 1, accuracy of a model depends upon quality of selected data for model training.

For different days of a year (11th March, 25th June, 30th August, and 31st December),

the performance matrix (r2, RMSE, and accuracy) for leapForward (0.99, 3.07, 96.08%),

Cubist (0.98, 35.18, 78.95%), bagEarthGCV (0.98, 11.27, 89.47%) and FoBa (1, 2.92,

98.21%) respectively is achieved.

In test 2, it is observed that FoBa, leapForward, and Cubist performs well with large

set of past time slots according to solar irradiance availability (7:00am onwards) whereas

Spikeslab works with less past samples. It is observed that the past samples with consider-

able solar intensity affect the prediction accuracy and this parameter is season dependent.

The results obtained in test 3 shows that results obtained by Spikeslab and Cubist model

are very promising and stable with respect to different forecasting horizons. The predic-

tion accuracy with different forecasting horizons (1 hour ahead, 24 hours ahead, and 48

hours ahead) gained by Spikeslab for 11th March (86.27%, 66.67% and, 69.09% respec-

tively), for 25th June (69.09%, 61.54%, and 62.5% respectively), 30th August (83.78%,

88.46%, and 91.67% respectively) and 31st December (92.86%, 92.8%, and 91.67% re-

spectively) are satisfactory and stable. Similarly, Cubist achieves (84.31%, 79.17%, and

58.18% respectively) for 11th March, (58.18%, 65.38%, and 54.17% respectively) for 25th

June, (78.38%, 69.23%, and 79.17% respectively) for 30th August and (93.86%, 92.6%,

and 79.17% respectively) for 31st December.

From the results, it is concluded that solar irradiance forecasting with such machine

learning models is recent. The productive study in this field leads to optimized solar

forecasting approach than conventional methods.
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Part B

4.5 Statistical Ensemble Machine Learning Approach

for Long Term Solar Irradiance Forecasting

The proposed work presents a novel machine learning framework of nine models for two

days ahead solar forecasting with hourly resolution. The objective is to implement an

approach that forecast solar irradiance traces close to real solar profiles. FoBa, leapFor-

ward, Spikeslab, Cubist, and bagEarthGCV models are evaluated for future irradiance

estimation. To achieve more precise and consistent forecast, four Statistical Ensemble

(SE) approaches are presented. The trained model performances are verified in terms of

correlation coefficient, Root Mean Square Error (RMSE), and forecast accuracy(%). The

simulations are conducted using R interface and on real data set collected from National

Renewable Energy Laboratory (NREL). The obtained results validate the strong poten-

tial of these models for long term forecasting. Specially, Generalized Mean Ensemble

(GME) approach gives highly accurate and consistent results. Above 70% prediction ac-

curacy is achieved in different seasonal days and for different forecasting horizons ranging

from 1 hour to 48 hours ahead. Further, in stable weather conditions, prediction accuracy

of the order of 92% is achieved for two days ahead predictions.

4.5.1 Ensembled Forecasting

Machine learning based prediction models works to trace a suitable hypothesis space that

perform accurate predictions for a particular problem. In ensemble forecasting individual

prediction model is trained as forecasting member and multiple hypothesis are combined

to generate a better hypothesis which is expected to be more accurate than any other

ensemble member. In proposed work, Statistical Ensemble (SE) approach is applied on

machine learning models to circumvent the effect of forecasting horizon and seasonal vari-

ability. Statistical ensemble performs generalized mean ensemble including pythagorean

means (arithmetic, harmonic, and quadratic means) and median rule. The methodology

is shown in Figure 4.18 and is described below:

1. If a is a non-zero real number and z1,...,zn are positive real numbers, the generalized
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Figure 4.18: Statistical ensemble approach

mean with exponent a of these real numbers can be defined as:

GMa(z1, ..., zn) = (
1

n

n
∑

i=1

zai )
1
a −∞ ≤ a ≤ +∞ (4.16)

where GM is the generalized mean and n is the number of terms. Different mean

functions are evaluated by considering different value of a.

2. Arithmetic mean is the special case with a = 1 and defined as:

GM1(z1, ...., zn) =
1

n

n
∑

i=1

zi (4.17)

3. Harmonic mean is defined as the quotient of number of given values and sum of

reciprocals of the given values. It is the special case with a = −1 and used to

calculate the average of variables expressed as the ratio of two measuring units.

Equation 4.18 gives the mathematical formula for harmonic mean.

GM−1(z1, ..., zn) = (
1

n

n
∑

i=1

z−1
i )−1 =

n
∑n

i=1
1
zi

(4.18)

4. Quadratic mean assign greater weight to larger values in the set and always equal

to or greater than arithmetic mean. It is the special case with a = 2 and mathe-

matically given in equation 4.19:

GM2(z1, .., zn) = (
1

n

n
∑

i=1

z2i )2 (4.19)
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4.5.2 Simulation Results and Discussions

A series of simulation experiments are performed to check the accuracy of five solar

irradiance forecasting models and their ensemble approach. A common platform is used

to run all experiments. To evaluate the forecasting models in different weather conditions,

four days, 10th April (spring), 18th June (summer), 26th November (autumn), and 20th

January (winter) from different seasons of year 2016 are used for testing. It is seen in

Figure 4.19 maximum sunshine hours and peak irradiance level is highly dependent upon

seasons. On 18th June (summer) maximum solar irradiance with large sunshine hours is

observed. In spring season (10th April), high irradiance is available during ideal hours of

the day. Autumn (26th November) and winter (20th January) possesses smooth irradiance

with low maximum and minimum solar intensity thresholds and less sunshine hours.

Figure 4.19: Variation in solar irradiance with different seasons

To validate the prediction effectiveness of proposed models, experiments are conducted

in two phases. In the first phase, all five models are evaluated for two days ahead so-

lar forecasting with appropriate number of past time slots and past days selection. In

the second experiment, a statistical ensemble approach is applied to mitigate the uncer-

tain performance measures of models with respect to forecasting horizons and seasonal

effects.

4.5.3 Model Evaluation

The performance comparison between different models is difficult because of various time

scales of predicted data, variability in meteorological conditions, and different forecasting

horizons. To estimate the accuracy of models, graphical tool (scatter plot) is used with

experimental measurements. The scatter plot shows the systematic bias and range of

deviation between measured and predicted solar irradiance. The accuracy and RMS
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plots are used for statistical analysis. Test data from year 2016 is used for evaluation and

a pool of last 30 days is selected from each year (2010-2015) for training.

4.5.3.1 For 20th January, 2016 (winter)

Highest prediction accuracy (87.27%) (Figure 4.22(a)) is achieved by Spikeslab with r2

value of 0.98 (Figure 4.21a) and Figure 4.20(a)) and 9.89 RMSE (Figure 4.22(b)) for 1

hour ahead prediction. In this horizon minimum accuracy is offered by FoBa (70.91%)

with 16.21 RMSE.

Figure 4.20: Correlation between measured and predicted solar irradiance for (a)1 hour
(b)6 hours (c)12 hours (d)18 hours (e)24 hours, and (f)48 hours ahead forecasting

horizon for 20th January, 2016

120



Figure 4.21: Correlation coefficient
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Figure 4.22: (a)Prediction accuracy and (b)RMS error in six forecasting horizons for
20th January, 2016

For 6 hours ahead prediction, Cubist gain maximum accuracy (87.27%) (Figure 4.22(a))

with 0.98 r2 (Figure 4.21a and Figure 4.20(b)) and 9.87 RMSE (Figure 4.22(b)). FoBa

results in minimum accuracy (81.82%) with 15.17 RMSE. For next forecasting horizon (12

hours ahead), bagEarthGCV attain maximum accuracy (81.82%) (Figure 4.22(a)) with

0.98 r2 (Figure 4.21a and Figure 4.20(c)) and 14.13 RMSE (Figure 4.22(b)). Minimum

accuracy (67.27%) is given by FoBa with 18.66 RMSE. For 18 hours ahead prediction

bagEarthGCV offer high accuracy (89.09%) (Figure 4.22(a)) with r2 value of 0.98 (Figure

4.21a and Figure 4.20(d)) and 10.68 RMSE (Figure 4.22(b)). Cubist Gains minimum

accuracy (80%) with 11.99 RMSE. Cubist achieves highest accuracy (89.09%) (Figure

4.22(a)) with 0.98 r2 (Figure 4.21a) and Figure 4.20(e)) and 7.09 RMSE (Figure 4.22(b))

for 24 hours ahead prediction. Lowest performance level is shown by FoBa with (81.82%)

prediction accuracy and 11.44 RMSE. For 48 hours ahead forecasting leapForward gain

maximum accuracy (94.55%) (Figure 4.22 (a)) with r2 value of 0.99 (Figure 4.21a) and

Figure 4.22(b)) and 6.04 RMSE (Figure 4.20(h)). Minimum prediction accuracy (87.27)

is achieved by using bagEarthGCV with 9.6 RMSE. The performance of different models

for 20th January is summarized in table 4.7.

4.5.3.2 For 10th April, 2016 (spring)

The performance of different models for 10th April is summarized in table 4.8. Highest

prediction accuracy (69.09%) (Figure 4.24(a)) is achieved by Spikeslab with r2 value of

0.86 (Figure 4.21(a) and Figure 4.23(a)) and 46.47 RMSE (Figure 4.24(b)) for 1 hour

ahead prediction. FoBa gains minimum accuracy (60%) with 46.93 RMSE. For 6 hours

ahead prediction, leapForward gain maximum accuracy (70.91%) (Figure 4.24(a)) with

0.81 r2 (Figure 4.21(b) and Figure 4.23(b)) and 56.54 RMSE (Figure 4.24(b)). Minimum

accuracy (63.64%) is offered by Cubist with 58.6 RMSE.
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Table 4.7: Performance of nine machine learning models for 20th January, 2016

Machine learning methodologies Ensemble approaches

20-01-2016(Winter) FoBa leapForward Spikeslab Cubist bagEarthGCV Arithmetic mean Harmonic mean Quadratic mean Median

1 hour

r 0.98 0.99 0.99 0.99 0.99 0.98 0.98 0.98 0.98

r2 0.96 0.98 0.98 0.98 0.98 0.97 0.97 0.97 0.97

RMSE 16.21 11.4 9.89 10.51 10.84 10.9 11.03 10.65 10.25

accuracy 70.91 85.45 87.27 83.64 80 85.45 85.45 85.45 85.45

6 hour r 0.98 0.98 0.98 0.99 0.99 0.98 0.98 0.98 0.98

r2 0.96 0.96 0.96 0.98 0.98 0.97 0.97 0.97 0.96

RMSE 15.17 15.16 14.28 9.87 11.08 12.4 12.5 12.17 13.17

accuracy 81.82 85.45 83.64 87.27 87.27 89.09 89.09 89.09 85.45

12 hour r 0.98 0.99 0.99 0.99 0.99 0.98 0.98 0.98 0.98

r2 0.96 0.98 0.98 0.98 0.98 0.97 0.97 0.97 0.97

RMSE 18.66 16.97 16.23 13.06 14.13 14.39 14.46 14.35 15.02

accuracy 67.27 74.55 76.36 80 81.82 78.18 78.18 78.18 76.36

18 hour r 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

r2 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98

RMSE 13.26 13.78 11.27 10.99 10.68 10.78 10.85 10.67 10.98

accuracy 81.82 81.82 83.64 80 89.09 85.45 85.45 85.45 83.63

24 hour r 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

r2 0.98 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.99

RMSE 11.44 10.54 8.85 7.09 11.6 8.89 8.89 8.95 8.5

accuracy 81.82 83.64 89.09 89.09 87.27 89.09 89.09 89.09 89.09

48 hour r 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

r2 0.98 0.99 0.98 0.98 0.98 0.98 0.98 0.98 0.99

RMSE 7.51 6.04 6.9 7.02 9.6 6.67 6.7 6.63 6.3

accuracy 90.91 94.55 90.91 90.91 87.27 90.9 90.9 90.9 90.9
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Figure 4.23: Correlation between measured and predicted solar irradiance for (a)1 hour
(b)6 hours (c)12 hours (d)18 hours (e)24 hours, and (f)48 hours ahead forecasting

horizon for 10th April, 2016

Figure 4.24: (a)Prediction accuracy and (b)RMS error in six forecasting horizons for
10th April, 2016
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Table 4.8: Performance of nine machine learning models for 10th April, 2016

Machine learning methodologies Ensemble approaches

10-04-2016(Spring) FoBa leapForward spikeslab Cubist bagEarthGCV Arithmetic mean Harmonic mean Quadratic mean Median

1 hour

r 0.94 0.92 0.93 0.89 0.89 0.92 0.92 0.92 0.92

r2 0.88 0.85 0.86 0.79 0.79 0.84 0.84 0.85 0.85

RMSE 46.93 49.36 46.47 55.78 55.71 47.3 47.4 47.14 46.75

accuracy 60 65.45 69.09 63.64 67.27 70.9 70.9 70.9 69.09

6 hours

r 0.89 0.9 0.9 0.9 0.88 0.89 0.89 0.89 0.89

r2 0.79 0.81 0.81 0.81 0.77 0.8 80 0.8 0.8

RMSE 65.83 56.54 60.12 58.6 64.03 58.89 59.02 58.62 59.07

accuracy 65.45 70.91 67.27 63.64 67.27 70.9 69.09 70.9 69.09

12 hour

r 0.96 0.94 0.95 0.96 0.96 0.95 0.95 0.95 0.95

r2 0.92 0.88 0.9 0.92 0.92 0.91 0.91 0.91 0.91

RMSE 59.54 54.64 47.22 41.13 47.45 46.13 45.83 46.9 44.3

accuracy 50.91 63.64 65.45 72.73 65.45 65.45 69.09 67.27 70.9

18 hour

r 0.96 0.97 0.97 0.98 0.96 0.97 0.97 0.96 0.97

r2 0.92 0.94 0.94 0.96 0.92 0.94 0.94 0.93 0.94

RMSE 61.14 47.65 48.96 36 52.3 44.21 43.69 46.96 40.67

accuracy 50.91 67.27 61.82 74.55 65.45 65.45 65.45 65.45 70.9

24 hour

r 0.91 0.92 0.92 0.92 0.9 0.92 0.91 0.92 0.91

r2 0.83 0.85 0.85 0.85 0.81 0.84 0.84 0.84 0.83

RMSE 61.22 64.13 64.51 58.61 62.06 58.36 58.65 57.73 61.19

accuracy 70.91 63.64 63.64 67.27 63.64 67.27 67.27 69.09 65.45

48 hour

r 0.94 0.95 0.93 0.96 0.94 0.94 0.94 0.94 0.94

r2 0.88 0.9 0.86 0.92 0.88 0.89 0.89 0.89 0.89

RMSE 49.48 41.91 45.67 35.66 40.9 39.77 40.13 38.91 39.72

accuracy 65.45 67.27 76.36 76.36 70.91 70.9 70.9 74.54 72.72
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For next forecasting horizon (12 hours ahead), Cubist attain maximum accuracy (72.73%)

(Figure 4.24(a)) with 0.92 r2 (Figure 4.21(b) and Figure 4.23(c)) and 41.13 RMSE (Figure

4.24(b)). Minimum performance level is gained by FoBa with 50.91% prediction accuracy

and 59.54 RMSE. For 18 hours ahead prediction, Cubist offer high accuracy (74.55%)

(Figure 4.24(a)) with r2 value of 0.96 (Figure 4.21(b) and Figure 4.23(d)) and 36 RMSE

(Figure 4.24(b)). FoBa Offers minimum prediction accuracy (50.91%) with 61.14 RMSE.

FoBa achieves highest accuracy (70.91%) (Figure 4.24(a)) with 0.83 r2 (Figure 4.21(b)

and (Figure 4.23(e)) and 61.22 RMSE (Figure 4.24(b)) for 24 hours ahead prediction. The

Spikeslab model gains minimum accuracy (63.64%) with 64.51 RMSE. For 48 hours ahead

forecasting, Cubist gain maximum accuracy (76.36%) (Figure 4.24(a)) with r2 value of

0.92 (Figure 4.21(b) and Figure 4.23(f)) and 35.66 RMSE (Figure 4.24(b)). Minimum

prediction accuracy (65.45%) is given by FoBa with 49.48 RMSE.

4.5.3.3 For 18th June, 2016 (summer)

The performance of different models for 18th June is summarized in table 4.9. Highest

prediction accuracy (74.55%) (Figure 4.26(a)) is achieved by Spikeslab with r2 value of

0.94 (Figure 4.21(c) and (Figure 4.25(a)) and 43.68 RMSE (Figure 4.26(b)) for 1 hour

ahead prediction. The bagEarthGCV model gains minimum prediction accuracy (60%)

with 56.35 RMSE. For 6 hours ahead prediction, Cubist gain maximum accuracy (56.36%)

(Figure 4.26(a)) with 0.94 r2 (Figure 4.21(c) and Figure 4.25(b)) and 55.77 RMSE (Figure

4.26(b)). Minimum prediction accuracy (23.64%) is offered by FoBa with 78.03 RMSE.

For next forecasting horizon (12 hours ahead), Cubist attain maximum accuracy (80%)

(Figure 4.26(a)) with 0.98 r2 (Figure 4.21(c) and Figure 4.25(c)) and 27.05 RMSE (Figure

4.26(b)). FoBa gives minimum prediction accuracy (60%) with 41.98 RMSE. For 18 hours

ahead prediction Spikeslab offer high accuracy (67.27%) (Figure 4.26(a)) with r2 value

of 0.96 (Figure 4.21(c) and Figure 4.25(d)) and 44.6 RMSE (Figure 4.26(b)). Minimum

prediction accuracy (58.18%) is given by FoBa with 58.48 RMSE. The Spikeslab model

achieves highest accuracy (76.36%) (Figure 4.26(a)) with 0.94 r2 (Figure 4.21(c) and

Figure 4.25(e)) and 42.55 RMSE (Figure 4.26(b)) for 24 hours ahead prediction. Lowest

performance level has been offered by bagEarthGCV with 65.45% prediction accuracy

and 47.53 RMSE. For 48 hours ahead forecasting leapForward gain maximum accuracy

(81.82%) (Figure 4.26(a)) with r2 value of 0.76 (Figure 4.21(c) and Figure 4.25(f)) and

42.84 RMSE (Figure 4.26(b)). In this horizon FoBa offers minimum prediction accuracy

(72.73%) with 41.72 RMSE.
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Figure 4.25: Correlation between measured and predicted solar irradiance for (a)1 hour
(b)6 hours (c)12 hours (d)18 hours (e)24 hours, and (f)48 hours ahead forecasting

horizon for 18th June, 2016

Figure 4.26: (a)Prediction accuracy and (b)RMS error in six forecasting horizons for
18th June, 2016
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Table 4.9: Performance of nine machine learning models for 18th June, 2016

Machine learning methodologies Ensemble approaches

18-06-2016(Summer) FoBa leapForward spikeslab Cubist bagEarthGCV Arithmetic mean Harmonic mean Quadratic mean Median

1 hour

r 0.98 0.96 0.97 0.96 0.95 0.96 0.96 0.96 0.96

r2 0.9 0.92 0.94 0.92 0.9 0.92 0.92 0.92 0.92

RMSE 63.42 46.03 43.68 44.45 56.35 45.88 46.05 47.66 45.27

accuracy 52.73 67.27 74.55 67.27 60 69.09 69.09 70.9 69.09

6 hours

r 0.96 0.97 0.98 0.97 0.96 0.97 0.97 0.97 0.97

r2 0.92 0.94 0.96 0.94 0.92 0.95 0.95 0.95 0.95

RMSE 78.03 65.4 63.6 55.77 70.02 58.89 59.11 59.89 64.31

accuracy 23.64 56.36 41.82 56.36 43.64 54.54 54.54 54.54 43.63

12 hour

r 0.98 0.99 0.99 0.99 0.98 0.98 0.98 0.98 0.99

r2 0.96 0.98 0.98 0.98 0.96 0.97 0.97 0.97 0.98

RMSE 41.98 35.53 35.85 27.05 48.6 31.74 32.3 26.65 29.56

accuracy 60 72.73 76.36 80 63.64 76.36 72.72 78.18 78.18

18 hour

r 0.96 0.98 0.98 0.96 0.97 0.97 0.98 0.97 0.98

r2 0.92 0.96 0.96 0.92 0.94 0.95 0.96 0.95 0.96

RMSE 58.48 42.63 44.6 57.35 46.92 44.12 43.39 47.7 40.87

accuracy 58.18 65.45 67.27 58.18 65.45 60 60 61.81 69.09

24 hour

r 0.96 0.97 0.97 0.97 0.95 0.96 0.96 0.86 0.97

r2 0.92 0.94 0.94 0.94 0.9 0.93 0.93 0.74 0.94

RMSE 52.81 45.66 42.55 38.87 47.53 40.84 40.62 58.36 42.01

accuracy 67.27 69.09 76.36 72.73 65.45 74.54 74.54 72.72 78.18

48 hour

r 0.88 0.87 0.91 0.79 0.88 0.88 0.88 0.9 0.89

r2 0.77 0.76 0.83 0.62 0.77 0.79 0.78 0.81 0.79

RMSE 41.72 42.84 35.02 55.65 40.82 34.29 35.22 34.82 33.84

accuracy 72.73 81.82 80 76.36 74.55 85.45 85.45 83.63 83.63
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4.5.3.4 For 26th November, 2016 (autumn)

The performance of different models for 26th November is summarized in table 4.10. High-

est prediction accuracy (90.91%) (Figure 4.28(a)) is achieved by Spikeslab with r2 value

of 0.98 (Figure 4.21(d) and Figure 4.27(a)) and 6.41 RMSE (Figure 4.28(b)) for 1 hour

ahead prediction. Minimum accuracy (78.18%) is given by FoBa with 13.14 RMSE. For 6

hours ahead prediction, spikeslab gain maximum accuracy (85.45%) (Figure 4.28(a)) with

0.94 r2 (Figure 4.21(d) and Figure 4.27(b)) and 14.37 RMSE (Figure 4.28(b)). Minimum

accuracy of the order of 63.64% has been offered by FoBa with 19.77 RMSE. For next

forecasting horizon (12 hours ahead), leapForward attain maximum accuracy (78.18%)

(Figure 4.28(a)) with 0.83 r2 (Figure 4.21(d) and Figure 4.27(c)) and 28.38 RMSE (Fig-

ure 4.28(b)). FoBa gains minimum accuracy (65.45%) with 33.03 RMSE. For 18 hours

ahead prediction leapForward offer high accuracy (83.64%) (Figure 4.28(a)) with r2 value

of 0.94 (Figure 4.21(d) and Figure 4.27(d)) and 17.81 RMSE (Figure 4.28(b)). Cubist

offers minimum prediction accuracy (65.45%) with 27.45 RMSE. Cubist achieves highest

accuracy (74.55%) (Figure 4.28(a)) with 0.94 r2 (Figure 4.21(d) and Figure 4.27(e)) and

19.95 RMSE (Figure 4.28(b)) for 24 hours ahead prediction. Minimum accuracy (58.18%)

is given by FoBa with 32.22 RMSE. For 48 hours ahead forecasting spikeslab gain maxi-

mum accuracy (89.09%) (Figure 4.28(a) with r2 value of 0.96 (Figure 4.21(d) and Figure

4.27(f)) and 11.58 RMSE (Figure 4.28(b)). The bagEarthGCV model achieves minimum

prediction accuracy (80%) with 10.84 RMSE. It is observed from the results that forecast-

ing accuracy achieved by different machine learning models is satisfactory with respect

to all forecasting horizons and in different seasons but not a particular model always

perform well as compare to rest of others. Thus, there is a need to combine the output

of independent models to generate a single optimized output. To address this issue, an

ensembled machine learning approach is proposed in section 4.5.4.

4.5.4 Ensemble Evaluation

In proposed work, statistical ensemble approach is used to generate a single optimized out-

put by combining output of different models. In statistical ensembling, four approaches

(arithmetic mean, quadratic mean, harmonic mean, and median) are evaluated.

In comparison with independent model prediction as in previous section, for 20th January

(table 4.7) in 1 hour ahead prediction, median achieves 85.45% prediction accuracy (Fig-

ure 4.22(a)) with 0.97 r2 (Figure 4.21(a) and Figure 4.20(a)) and 10.25 RMSE (Figure

4.22(b)).
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Figure 4.27: Correlation between measured and predicted solar irradiance for (a)1 hour
(b)6 hours (c)12 hours (d)18 hours (e)24 hours, and (f)48 hours ahead forecasting

horizon for 26th November, 2016

Figure 4.28: (a)Prediction accuracy and (b)RMS error in six forecasting horizons for
26th November, 2016

130



Table 4.10: Performance of nine machine learning models for 26th November, 2016

Machine learning methodologies Ensemble approaches

26-11-2016(Autumn)) FoBa leapForward spikeslab Cubist bagEarthGCV Arithmetic mean Harmonic mean Quadratic mean Median

1 hour

r 0.98 0.99 0.99 0.97 0.98 0.99 0.99 0.99 0.99

r2 0.96 0.98 0.98 0.94 0.96 0.98 0.98 0.98 0.98

RMSE 13.14 6.91 6.41 13.09 11.91 8.42 8.19 7.44 8.49

accuracy 78.18 89.09 90.91 80 87.27 92.72 89.09 92.72 92.72

6 hours

r 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97

r2 0.94 0.94 0.94 0.94 0.94 0.95 0.95 0.95 0.94

RMSE 19.77 15.92 14.37 13.16 14.53 13.52 13.56 13.47 13.44

accuracy 63.64 76.36 85.45 83.64 85.45 81.81 81.81 81.81 83.63

12 hour

r 0.91 0.91 0.91 0.9 0.93 0.91 0.91 0.91 0.91

r2 0.83 0.83 0.83 0.81 0.86 0.83 0.83 0.83 0.83

RMSE 33.03 28.38 30.98 32.5 26.52 6.59 29.33 29.58 28.88

accuracy 65.45 78.18 74.55 69.09 76.36 76.36 78.18 76.36 76.36

18 hour

r 0.94 0.97 0.96 0.96 0.97 0.96 0.96 0.96 0.96

r2 0.88 0.94 0.92 0.92 0.94 0.93 0.93 0.92 0.93

RMSE 25.26 17.81 21.04 27.45 19.12 19.62 19.74 19.45 18.28

accuracy 72.73 83.64 81.82 65.45 78.18 80 74.54 85.45 85.45

24 hour

r 0.94 0.97 0.97 0.97 0.98 0.97 0.97 0.97 0.97

r2 0.88 0.94 0.94 0.94 0.96 0.95 0.95 0.95 0.95

RMSE 32.22 23.19 24.62 19.95 16.99 20.51 20.75 20.15 19.79

accuracy 58.18 63.64 61.82 74.55 72.73 67.27 67.27 65.45 70.9

48 hour

r 0.99 0.99 0.98 0.98 0.99 0.98 0.98 0.98 0.98

r2 0.98 0.98 0.96 0.96 0.98 0.97 0.97 0.97 0.97

RMSE 12.38 10.85 11.58 12.51 10.84 10.69 10.74 10.6 10.55

accuracy 81.82 81.82 89.09 83.64 80 85.45 85.45 85.45 85.45
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Table 4.11: Comparison between four ensemble approaches for different seasonal days

20th January, 2016 10th April, 2016 18th June, 2016 26th November, 2016

Hours AM HM QM Median AM HM QM Median AM HM QM Median AM HM QM Median

1 hour

0.98 0.98 0.98 0.98 0.92 0.92 0.92 0.92 0.96 0.96 0.96 0.96 0.99 0.99 0.99 0.99

0.97 0.97 0.97 0.97 0.84 0.84 0.85 0.85 0.92 0.92 0.92 0.92 0.98 0.98 0.98 0.98

10.9 11.03 10.65 10.25 47.3 47.4 47.14 46.75 45.88 46.05 47.66 45.27 8.42 8.19 7.44 8.49

85.45 85.45 85.45 85.45 70.9 70.9 70.9 69.09 69.09 69.09 70.9 69.09 92.72 89.09 92.72 92.72

6 hours

0.98 0.98 0.98 0.98 0.89 0.89 0.89 0.89 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97

0.97 0.97 0.97 0.96 0.8 80 0.8 0.8 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.94

12.4 12.5 12.17 13.17 58.89 59.02 58.62 59.07 58.89 59.11 59.89 64.31 13.52 13.56 13.47 13.44

89.09 89.09 89.09 85.45 70.9 69.09 70.9 69.09 54.54 54.54 54.54 43.63 81.81 81.81 81.81 83.63

12 hours

0.98 0.98 0.98 0.98 0.95 0.95 0.95 0.95 0.98 0.98 0.98 0.99 0.91 0.91 0.91 0.91

0.97 0.97 0.97 0.97 0.91 0.91 0.91 0.91 0.97 0.97 0.97 0.98 0.83 0.83 0.83 0.83

14.39 14.46 14.35 15.02 46.13 45.83 46.9 44.3 31.74 32.3 26.65 29.56 6.59 29.33 29.58 28.88

78.18 78.18 78.18 76.36 65.45 69.09 67.27 70.9 76.36 72.72 78.18 78.18 76.36 78.18 76.36 76.36

18 hours

0.99 0.99 0.99 0.99 0.97 0.97 0.96 0.97 0.97 0.98 0.97 0.98 0.96 0.96 0.96 0.96

0.98 0.98 0.98 0.98 0.94 0.94 0.93 0.94 0.95 0.96 0.95 0.96 0.93 0.93 0.92 0.93

10.78 10.85 10.67 10.98 44.21 43.69 46.96 40.67 44.12 43.39 47.7 40.87 19.62 19.74 19.45 18.28

85.45 85.45 85.45 83.63 65.45 65.45 65.45 70.9 60 60 61.81 69.09 80 74.54 85.45 85.45

24 hours

0.99 0.99 0.99 0.99 0.92 0.91 0.92 0.91 0.96 0.96 0.86 0.97 0.97 0.97 0.97 0.97

0.99 0.99 0.99 0.99 0.84 0.84 0.84 0.83 0.93 0.93 0.74 0.94 0.95 0.95 0.95 0.95

8.89 8.89 8.95 8.5 58.36 58.65 57.73 61.19 40.84 40.62 58.36 42.01 20.51 20.75 20.15 19.79

89.09 89.09 89.09 89.09 67.27 67.27 69.09 65.45 74.54 74.54 72.72 78.18 67.27 67.27 65.45 70.9

48 hours

0.99 0.99 0.99 0.99 0.94 0.94 0.94 0.94 0.88 0.88 0.9 0.89 0.98 0.98 0.98 0.98

0.98 0.98 0.98 0.99 0.89 0.89 0.89 0.89 0.79 0.78 0.81 0.79 0.97 0.97 0.97 0.97

6.67 6.7 6.63 6.3 39.77 40.13 38.91 39.72 34.29 35.22 34.82 33.84 10.69 10.74 10.6 10.55

90.9 90.9 90.9 90.9 70.9 70.9 74.54 72.72 85.45 85.45 83.63 83.63 85.45 85.45 85.45 85.45
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For 6 hours ahead prediction, QM gains 89.09% prediction accuracy (Figure 4.22(a))

with 0.97 r2 (Figure 4.21(a) and Figure 4.20(b)) and 12.17 RMSE (Figure 4.22(b)). For

12 hours ahead prediction QM gives an accuracy of 78.18% (Figure 4.22(a)) with 0.97

r2 (Figure 4.21(a) and Figure 4.20(c)) and 14.35 RMSE (Figure 4.22(b)). For 18 hours

ahead prediction, QM offers 85.45% of prediction accuracy (Figure 4.22(a)) with 0.98

r2 (Figure 4.21(a) and Figure 4.20(d)) and 10.67 RMSE (Figure 4.22(b)). For 24 hours

ahead prediction, median achieves 89.09% prediction accuracy (Figure 4.22(a)) with 0.99

r2 (Figure 4.21(a) and Figure 4.20(e)) and 8.50 RMSE (Figure 4.22(b)). For 48 hours

ahead prediction, median (90.90%) achieves high prediction accuracy (Figure 4.22(a))

with 0.99 r2 (Figure 4.21(a) and Figure 4.20(e)) and 6.3 RMSE (Figure 4.22(b)). From

the results obtained for 20th January, 2016, it is observed that QM and median approaches

offer high prediction accuracy (78% to 90%) in all forecasting horizons.

For 10th April (table 4.8) in 1 hour ahead prediction, QM achieves 70.90% prediction

accuracy (Figure 4.24(a)) with 0.85 r2 (Figure 4.21(b) and Figure 4.23(a)) and 47.14

RMSE (Figure 4.24(b)). For 6 hours ahead prediction, QM achieves highest prediction

accuracy (70.90%) (Figure 4.24(a)) and 0.80 r2 (Figure 4.21(b) and Figure 4.23(b)) and

58.62 RMSE (Figure 4.24(b)). For 12 hours ahead prediction, median achieves 70.90%

prediction accuracy (Figure 4.24(a)) with 0.91 r2 (Figure 4.21(b) and Figure 4.23(c)) and

44.30 RMSE (Figure 4.24(b)). For 18 hours ahead prediction, median achieves 70.90%

prediction accuracy (Figure 4.24(a)) and 0.94 r2 (Figure 4.21(b) and Figure 4.23(d))

and 44.67 RMSE (Figure 4.24(b)). For 24 hours ahead prediction, QM achieves highest

prediction accuracy (69.09%) (Figure 4.24(a)) with 0.84 r2 (Figure 4.21(b) and Figure

4.23(e)) and 54.73 RMSE (Figure 4.24(b)). For 48 hours prediction, QM achieves highest

prediction accuracy (74.54%) (Figure 4.24(a)) with 0.89 r2 (Figure 4.21(b) and Figure

4.23(f)) and 38.91 RMSE (Figure 4.24(b)).

Results validate the effectiveness of QM approach for 10th April, 2016 also. In all test

cases, high and stable prediction accuracy (70% to 74%) is gained by QM ensemble

approach.

For 18th June (table 4.9) in 1 hour ahead prediction, highest prediction accuracy (70.90%)

(Figure 4.26(a)) is achieved by QM method with 0.92 r2 (Figure 4.21(c) and Figure

4.25(a)) and 47.66 RMSE (Figure 4.26(b)). For 6 hours ahead prediction, QM achieves

highest prediction accuracy (54.54%) (Figure 4.26(a)) and gains 0.95 r2 (Figure 4.21(c)

and Figure 4.25(b)) and 59.89 RMSE (Figure 4.26(b)). For 12 hours ahead prediction,

78.18% prediction accuracy (Figure 4.26(a)) is achieved by QM with 0.97 r2 (Figure

4.21(c) and Figure 4.25(c)) and 26.65 RMSE (Figure 4.26(b)). For 18 hours ahead pre-

diction, highest prediction accuracy (69.09%) (Figure 4.26(a)) has been gained by median
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with 0.96 r2 (Figure 4.21(c) and Figure 4.25(d)) and 40.87 RMSE (Fig. 13(b)). For 24

hours ahead prediction, median achieves prediction accuracy of the order of 78.18% (Fig-

ure 4.26(a)) with 0.94 r2 (Figure 4.21(c) and Figure 4.25(e)) and 42.01 RMSE (Figure

4.26(b)). For 48 hours ahead prediction accuracy, QM gains highest prediction accuracy

(83.63%) (Figure 4.26(a)) with 0.81 r2 (Figure 4.21(c) and Figure 4.25(f)) and 34.82

RMSE (Figure 4.26(b)).

For 26th November (table 4.10) in 1 hour ahead prediction, QM achieves highest predic-

tion accuracy (92.72%) (Figure 4.28(a)) with 0.98 r2 (Figure 4.21(d) and Figure 4.27(a))

and 7.44 RMSE (Figure 4.28(b)). For 6 hours ahead prediction, 83.63% prediction ac-

curacy (Figure 4.28(a)) is gained by median with 0.94 r2 (Figure 4.21(d) and Figure

4.27(b)) and 13.44 RMSE (Figure 4.28(b)). For 12 hours ahead prediction, maximum

accuracy (78.18%) is offered by HM (Figure 4.28(a)) with 0.83 r2 (Figure 4.21(d) and

Figure 4.27(c)) and 29.33 RMSE (Figure 4.28(b)). For 18 hours ahead prediction, median

achieves 85.45% prediction accuracy (Figure 4.28(a)) with 0.93 r2 (Figure 4.21(d) and

Figure 4.27(d)) and 18.28 RMSE (Figure 4.28(b)). For 24 hours ahead prediction maxi-

mum accuracy (70.90%) (Figure 4.28(a)) is offered by median with 0.95 r2 (Figure 4.21(d)

and Figure 4.27(e)) and 19.89 RMSE (Figure 4.28(b)). For 48 hours ahead prediction,

median achieves 85.45% prediction accuracy (Figure 4.28(a)) with 0.97 r2 (Figure 4.21(d)

and Figure 4.27(f)) and 10.55 RMSE (Figure 4.28(b)).

It is validated from the simulation results that rather than being uncertain about the

performance of a particular machine learning model in different test conditions, ensemble

approach overwhelm the uncertainties associated with individual models by offering a

single optimized output by combining the output of independent models. As observed

from the results, QM, and median ensemble approach perform equally good in differ-

ent seasons and for different forecasting horizons. A comparison summary for different

ensemble approaches has been tabulated in table 4.11.

4.5.5 Concluding Remarks

Machine learning based statistical ensemble approach has been proposed for two days

ahead solar irradiance forecasting with hourly resolution. Simulations is performed using

R interface and conducted on real time solar data from NREL. Optimal characteristics of

accuracy and stability have been obtained by aggregating base machine learning models

using generalized mean approach (arithmetic mean, harmonic mean, quadratic mean

and median). Statistical comparison between different models and proposed approach is

carried out with respect to seasonal variation and for forecasting horizons ranging from
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1 hour ahead to 48 hours ahead. From the simulation results, it is seen that statistical

ensembling achieve relatively high and stable prediction accuracy and hence overcome

the shortcomings of independent machine learning models. Quadratic mean and median

approaches achieves high performance matrix in terms of prediction accuracy, correlation

coefficient RMSE and stability.

Regarding the results obtained for 20th January, 2016 (winter), highest performance in-

dices is achieved by QM and median approach ranging from 78.18% to 90.90% for 1 hour

to 48 hours ahead forecasting. The results obtained for 10th April (spring), 2016, shows

an accuracy of 69.09% to 74.54% gained by QM and median approach for all forecasting

horizons. An accuracy of the order of 69.09% to 78.18% is accounted by QM and me-

dian method for 18th June, 2016 (summer). Similar results have been observed for 26th

November (autumn), 2016 where 70.90% to 92.72% prediction accuracy is achieved by

QM and median approach up to 48 hours ahead prediction.

The results are evident that solar irradiance forecasting with such machine learning mod-

els is recent and productive study in this field leads to accurate solar forecasting than

conventional methods.
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Chapter 5

Adaptive Duty Cycle Algorithm for Energy

Harvesting Wireless Sensor Networks

Designing of low power electronic devices and advancement in miniaturization leads to

deployment of WSNs for long term observations of different processes at large spatial and

temporal distribution. Geographical and biological process monitoring, industrial infras-

tructure monitoring and failure warning, health monitoring, and wild life surveillance

monitoring are some exemplary deployments of WSNs. These application scenarios are

designed to meet different objectives. The systems deployed to target their respective

goals exhibit several requirements including reliable operation of the node over long time

periods in different working conditions; cheap manufacturing of nodes because of the

requirement of large number of nodes and their nonrecoverable nature; light and small

design of nodes to reduce the installation cost and interference in the environment.

In the inaccessible and remote location deployments where continuous power supply is

not possible, WSN nodes are powered by finite capacity batteries. This feature put limits

on system life time and performance level of the node specially in high energy demanding

scenarios such as Global Positioning System (GPS) receivers. Since node life time is

proportional to the ratio of energy generation and consumption profiles, node has been

equipped with high capacity batteries to increase the life span. The increased capacity

batteries tends to the increase size and cost of the node. Wireless rechargeable sensor

node addresses this issue and draw all or a part of required energy from the environment.

Though ambient source of energy is infinite and allow sustainable node operation over long

time periods, but there is a limit on the rate at which the ambient energy can be utilized.

Thus, designing and operation of energy harvested wireless sensor node faces challenges

in terms of both hardware and software. To meet the expected life time requirement,

real time power management between harvesting source and load is primary requirement

with the following two primary considerations:� Energy neutral mode of operation: To ensure that energy consumption is always

less than or equal to available energy over a given time period, the node should

The proposed work has been published in Wireless Networks, pp. 1-29, January 2019.
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operate in energy neutral mode. This condition is necessary for a system to achieve

uninterrupted operation over long time periods.� Maximize Network Performance: The power management unit should make efficient

utilization of available energy to maximize network performance. To achieve this,

scheduling the energy should be such that energy will not waste due to overflow

and no node depletion due to underflow.

5.1 Introduction

High and stable duty cycle is an essential feature for sustainable sensor nodes though the

power consumption varies vastly in microwatts during standby and milli watts during

active sessions. Further, uncertain solar irradiance together with the substantial decline

of the energy storage devices are the inclusive factors of duty cycle variation. Through

consideration of all these constraints, an adaptive duty cycle algorithm has been developed

aiming to achieve improved average duty cycle with high stability. The proposed work

focuses on improving average duty cycle with high stability throughout the day regardless

of prediction horizon and irrespective of solar irradiance variation.

Figure 5.1 depicts the methodology adapted for optimized operation of energy harvested

wireless sensor networks. For efficient power management, availability of solar irradiance

is pre-estimated. Initially, the node duty cycle is dynamically adjusted with respect to

estimation of available energy and then subject to real time changes according to mea-

sured solar irradiance profile. The proposed work is a collaboration of budget assigning

principles with adaptive duty cycle algorithm. The work is segregated in two parts, a)

Pre-estimation of node duty cycle using predicted solar irradiance (W/m2), and b) Real

time adaptivity for pre-computed node duty cycle. To verify the effectiveness of pro-

posed algorithm, the results are compared with kansal et al.[58] for short, medium and

long term prediction horizons. The main contribution of proposed work in the research

area of energy harvested sensor node is as follows:

1. Uninterrupted node operation: The future estimation of ambient energy leads

to precompute the node duty cycle and related performance parameters in advance

to prevent the condition of energy depletion.

2. Real time adaptivity: Precomputed value of duty cycle gets adjusted relevantly

in case of increase or decrease of actual energy level from its predicted value.

3. Low variance: The proposed work offers minimum variation in node duty cycle in
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Figure 5.1: Methodology for optimized energy harvested wireless sensor networks

case of unstable environmental conditions and undesired hardware degradations.

4. Low computational overhead: The linear programming based intense calcula-

tions are replaced by simple mathematical programming which offers low compu-

tational complexity.

5.1.1 System Model

Figure 5.2 depicts the system model for proposed work. The machine learning based

Cubist model[145] is used to predict the solar irradiance availability in future. The

historical data sets are maintained to facilitate the Cubist algorithm and taken from
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Figure 5.2: System model
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the Solar Radiation Research Laboratory (SRRL) of the National Renewable Energy

Laboratory (NREL). The data set obtained from NREL is per 30 minutes global solar

irradiance measured on horizontal plane. The predicted profiles are used to calculate

energy budgets[284] for energy allocation to nodes with respect to the estimated gen-

eration rates. The aim is to achieve energy neutral state of operation in situations of

bulk ambient energy availability or in energy depletion states while considering the en-

ergy storage element. To reduce the effect of battery inefficiencies, the harvest-use-store

approach is adopted for the proposed algorithm. In this approach, node is directly pow-

ered by harvested energy through power management unit. Only excess energy will be

kept in energy storage element[33]. Due to the different meteorological and geographical

factors, real-time energy profile may be different from estimated ones. In response to

the real-time solar irradiance profiles, the estimated duty cycle is adaptively updated to

maintain a balance between energy generation and consumption rates with respect to

energy available in actual rather than predicted ones.

5.1.2 Characterization of Harvesting System with Different Stor-

age Profiles

If Eavailable(t) is the available harvested energy and Econsumed(t) is the energy consumed

by a load such as a sensor node at time t, the harvesting system can be categorized in

three different models:� Harvesting system without storage: The first model is a harvesting system

without energy storage. The harvested energy from the source is directly utilized

by load. In such harvesting systems, the operating condition is:

Eavailable(t) ≥ Econsumed(t) ∀t (5.1)

Any surplus energy (Eavailable(t)) -Econsumed(t)) and energy received during Eavailable(t) <

Econsumed(t) is wasted.� Harvesting system with ideal energy storage: An ideal energy storage refers

to a device with no leakage of charge, no inefficiency in charging, and large energy

storage capacity. This stored energy support the node operation in less energy

availability. In such harvesting systems, the operating condition is:

∫ T

0

Eavailable(t)dt + B0 ≥

∫ T

0

Econsumed(t)dt ∀T (0,∞) (5.2)

where B0 is initial battery level of ideal storage unit.
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� Harvesting system with practical energy storage conditions: A practical

energy storage refers to a device with energy losses through leakage, limited charging

efficiency, η < 1, and limited energy storage capacity. To define the operating

condition in such harvesting systems, a rectifier function is introduced and given

as:

[x]+ =

{

x x ≥ 0

0 x < 0
(5.3)

Following the equation 5.3, energy conservation in sensor node leads to:

B0 = η

∫ T

0

[Eavailable(t) − Econsumed(t)]
+dt−

∫ T

0

[Econsumed(t)

−Eavailable(t)]
+dt−

∫ T

0

Eleak(t)dt ≥ 0 ∀T (0,∞)

(5.4)

where Eleak(t) is the leakage energy from the storage unit. Capacity of the storage

unit is calculated by using the equation 5.4 and given as:

B0 = η

∫ T

0

[Eavailable(t) − Econsumed(t)]
+dt−

∫ T

0

[Econsumed(t)−

Eavailable(t)]
+dt−

∫ T

0

Eleak(t)dt ≤ B ∀T (0,∞)

(5.5)

where B is the capacity of battery. For a harvesting system with practical energy

storage conditions, effective power management techniques is required. For this, an

analytical model is developed to analyse the variability and energy generation rate

of the harvesting source and consumption profile of the load.

5.1.3 Modelling of Practical Energy Harvesting System

If ̺ is defined as average rate at which energy is available and σ1 and σ2 defines the

burstiness in the signal, the function (̺, σ1, σ2) represents a continuous, positive, and

bounded function Eavailable(t). The Eavailable(t) is considered as energy source if the

following conditions are satisfied between time interval τ and T :

∫ τ+T

τ

Eavailable(t)dt ≤ ̺T + σ1 (5.6)

∫ τ+T

τ

Eavailable(t)dt ≥ ̺T − σ2 (5.7)

For load Econsumed(t), the function is defined in terms of (̺2, σ3, σ4). The equation 5.4 is
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re-written in term of Eavailable(t) and Econsumed(t) as follows:

B0 + η.min{

∫

T

Eavailable(t)dt} − max{

∫

T

Econsumed(t)dt} −

∫

T

Eleak(t)dt ≥ 0 (5.8)

⇒ B0 + η(̺1T − σ2) − (̺2T + σ3) − ̺leakT ≥ 0 (5.9)

5.1.4 Physical Conditions for Energy Neutrality� The initial energy level required in the battery is obtained by considering T=0 in

equation 5.9 and given as:

B0 ≥ ησ2 + σ3 (5.10)� By considering T as ∞ in equation 5.9 yields :

η̺1 − ̺leak ≥ ̺2 (5.11)

By substituting equation 5.10 and 5.11 in 5.5, the resultant equation is:

⇒ B0 + η(̺1T + σ1) − (̺2T − σ4) − ̺leakT ≤ B (5.12)� By substituting T = 0 in equation 5.12, we obtain required battery size, given as:

B0 + (ησ1 − σ4) ≤ B (5.13)

and using the equation 5.10

B ≥ η(σ1 + σ2) + σ3 − σ4 (5.14)

Also, by taking T = ∞, the equation 5.12 yields:

η̺1 − ̺leak ≤ ̺2 (5.15)

The equation 5.14 defines the maximum battery size required to cover up the bursti-

ness of energy generation and consumption rates. The limiting case T = ∞ signifies

the long term sustainable behaviour without bursts.� Energy Neutral Operation:

By considering a practical harvesting system where energy source is defined by the

function (̺, σ1, σ2), load is defined by (̺2, σ3) and energy storage element is defined
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by storage efficiency η and leakage ̺leak, the following conditions are necessary for

energy neutral operation:

̺2 ≤ η̺1 − ̺leak (5.16)

B0 ≥ ησ2 + σ3 (5.17)

B ≥ B0 (5.18)

where B denotes the capacity of battery and B0 denotes the initial charge in the

battery. This parameter helps in selecting a particular storage technology to satisfy

the capacity requirements.� Relation Between Battery Size and Node Life Time:

If B is the size of the battery, ̺1 is the harvested energy and ̺2 is the load con-

sumption, the achieved life time, LT is calculated as:

LT =
B

̺2 − η̺1
(5.19)

It is clear from the equation 5.19 that with a finite source of energy, a node cannot

continue energy neutral mode of operation and a large battery size is required to survive

for longer time periods. Energy harvesting based systems are appropriate alternatives if

these are feasible and cost effective for a particular application.

5.2 Proposed Power Management Approach

An algorithm is proposed to achieve Energy neutral operation for a predictable and

non-controllable energy source (solar). The approach is to characterize the nature of

harvesting source and then adapt the performance parameters accordingly. Adaptive

duty cycling approach is adopted for performance scaling of the node by controlling

the energy consumption rate, ̺2. The following parameter are considered to estimate

node duty cycle for N (i=1, ..., N) time slots with duration ∆T :� Epredicted(i) is the estimated energy availability in time slot i from the harvesting

source. This parameter is assumed constant over a slot duration.� Ec is the energy consumption by the node in active state. The sleep mode energy

consumption is negligible.� Duty(i) is the node duty cycle.
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� B(i) is the battery back up at the start of slot i and depend upon duty cycle Duty(i).

The residual battery at the end of last time slot is considered as B(N + 1).

The relation between energy consumption rate and node duty cycle is given as:

̺2 = Duty ∗ Ec (5.20)

Thus, by controlling the node duty cycle, energy consumption rate of the node is con-

trolled. The focus of the proposed work is to maintain satisfactory performance level of

the system by maximizing the average node duty cycle with minimum variations.

In a time slot t, there are two possible conditions regarding the availability of harvesting

energy Epredicted, it may be either higher or lower than the energy consumption Ec. When

Epredicted is higher than Ec, the node is directly powered by the source and rest of the

energy is supplied to the battery. otherwise, the required energy is borrowed from the

battery. By using the rectifier function defined in equation 5.3, energy utilized from the

battery at the end of each time slot is computed as :

B(i) − B(i + 1) = ∆T.Duty(i)[Ec −Epredicted(i)]
+ − η∆TEpredicted(i){1 −Duty(i)}

− η∆T.Duty(i)[Epredicted(i) −Ec]
+ ∀i(1, .., N)

(5.21)

The first part of equation on right hand side shows the energy taken from battery when

Epredicted<Ec, second term denotes the stored energy in battery during sleep state and

last term shows the stored energy in active state when Epredicted>Ec. For the attainment

of energy neutral state, the battery back up at the end of each time slot should be equal

to or greater than initial energy level of the battery. Hence, the selection of time slots

N is important so that even in cloudy days, battery will not be energy depleted. These

considerations leads to optimal duty cycle conditions and are stated below:

N
∑

i=1

Duty(i) (5.22)

B(N + 1) ≥ B0 (5.23)

Duty(i) ≥ Dmin ∀iǫ(1, ..., N) (5.24)

Duty(i) ≤ Dmax ∀iǫ(1, ..., N) (5.25)
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For the solution of above optimization problems, harvesting aware power management

approach is carried out in three steps. In the first step, past energy profiles are tracked

and use to estimate future energy availability. In the second step, node duty cycle is pre-

estimated based on the predicted solar energy profiles. Dynamic programming approach

is used to achieve the same. In the third step, dynamic adaption of node duty cycle

is carried out with respect to real time solar energy profiles as energy neutral condition

should be sustained with respect to real energy profiles rather than predicted values.

5.2.1 Solar Irradiance Prediction

In third and fourth chapter of the thesis, solar irradiance forecasting methods for short

and long term forecasting were proposed. To follow the first step of proposed power

management approach (Section 5.2), Cubist, machine learning model is used for the

estimation of future energy availability to power up the sensor node. Figure 5.3 depicts

energy profiles of January 1, January 4, and January 7, 2016. It shows the variations

in solar irradiance at different time slots of a day. It is also seen that January 1 and

January 7, 2016 have similar energy profiles but January 7, 2016 have low solar irradiance

availability through out the day. Solar irradiance prediction is carried out during the sun

hours (7:30am to 16:30pm). The total time period is divided into fixed length time slots

of duration 30 minutes. Figure 5.4 represents predicted energy profiles of January 1, 2016

for 60, 90, 120, and 150 minutes ahead prediction horizons. Results shows that a close

approximation of real time energy values is obtained by the prediction model with high

correlation coefficients as shown in Figure 5.5.

Figure 5.3: Solar irradiance profile of January 1, January 4 and January 7, 2016
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Figure 5.4: Solar irradiance prediction for January 1, 2016.
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Figure 5.5: Correlation coefficient for January 1, 2016.
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Figure 5.6: Solar irradiance prediction for January 4, 2016.
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Figure 5.7: Correlation coefficient for January 4, 2016.
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Figure 5.8: Solar irradiance prediction for January 7, 2016.
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Figure 5.9: Correlation coefficient for January 7, 2016.
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For 60 minutes ahead prediction (Figure 5.4(a)), estimated traces of solar irradiance is

very close to real solar profile. The Root Mean Square Error (RMSE) is 6.73 (Figure

5.5(a)). A small deviation is observed during peak hours (10:30am to 1:00pm) in 90

(Figure 5.4(b)), 120 (Figure 5.4(c)), and 150 (Figure 5.4(d)) minutes ahead predictions

and results in 6.73 (Figure 5.5(b)), 7.01 (Figure 5.5(c)), and 7.10 (Figure 5.5(d)) RMSE

respectively. Figure 5.6 represents predicted energy profiles of January 4, 2016 for 60

(Figure 5.6(a)), 90 (Figure 5.6(b)), 120 (Figure 5.6(c)), and 150 (Figure 5.6(d)) minutes

ahead prediction horizons. Results shows that similar accuracy level is achieved as for

January 1. The values of RMSE and correlation coefficient are depicted in Figure 5.7

Figure 5.8 represents predicted energy profiles of January 7, 2016 for 60 (Figure 5.8(a)),

90 (Figure 5.8(b)), 120 (Figure 5.8(c)), and 150 (Figure 5.6(d)) minutes ahead prediction

horizons. Results shows that predicted energy profiles is deviated from actual energy

traces in all the prediction horizons. This situation arises when environmental conditions

of a particular day are highly different from historical data. The values of RMSE and

correlation coefficients are shown in Figure 5.9. The Root Mean Square Error (RMSE) of

the order of 25.78, 30.59, 32.12, and 40.27 is observed during 60 (Figure 5.9(a)), 90 (Figure

5.9(b)), 120 (Figure 5.9(c)), and 150 minutes (Figure 5.9(d)) ahead prediction.

5.2.2 Pre-estimation of Node Duty Cycle

The forecasted values of solar irradiance for next N slots are used to compute the duty

cycle for these slots. For this, the slots are divided in two classes, given as:

Ssun = Epredicted(i) − Ec ≥ 0 ∀i (5.26)

SDark = Epredicted(i) −Ec < 0 ∀i (5.27)

In any particular slot, if estimated harvested energy is greater than node consumption,

slot is referred as sun slot and vice-versa. By using slot classification in equation 5.21,

the resultant equation is:
N
∑

i=1

B(i) − B(i + 1) =
∑

iǫSDark

∆T.Duty(i)(Ec − Epredicted(i)) −
N
∑

i=1

η∆

TEpredicted(i) +

N
∑

i=1

η∆TEpredicted(i)Duty(i) −
∑

iǫSsun

η∆T

Duty(i)(Epredicted(i) − Ec)

(5.28)

For an energy neutral condition, the left side of equation 5.28 is equated to zero. By
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equating right side of the equation 5.28 equal to zero, the equation is reformulated as:

N
∑

i=1

Epredicted(i) =
∑

iǫSDark

Duty(i)

[
Ec

η
+ Epredicted(i)(1 −

1

η
)] +

∑

iǫSSun

EcDuty(i)

(5.29)

Left hand side of equation 5.29 shows the estimation of total energy harvested in N slots.

The first term on right side shows total energy consumed in dark slots and second term

give energy consumption in sun slots. Initially, energy is allocated to maximize duty

cycle in sun slots and assign minimum allowed values for dark slots as given in equation

5.30:

Initial assignment

Duty(i) = Dmax ∀iǫSsun (5.30)

Duty(i) = Dmin ∀iǫSdark (5.31)

Subsequent cases

Initial energy assignment given in equations 5.30 and 5.31 is neither optimal nor feasible

for different energy states. Thus, duty cycle adjustments are required with respect to

estimation of energy availability. The subsequent cases are described below:� Estimated harvested energy is greater than total energy consumption:

N
∑

i=1

Epredicted(i) >
∑

iǫSDark

Duty(i)[
Ec

η
+Epredicted(i)(1−

1

η
)]+

∑

iǫSSun

EcDuty(i) (5.32)

In this case, the excess energy is utilized to increase the duty cycle in dark slots

as sun slots are already set to Dmax. For this, the dark slot coefficients (Ec

η
+

Epredicted(i)(1 − 1
η
)) are arranged in ascending order and assign Dmax to smallest

dark slot coefficient. This process continues until the excess energy is not sufficient

to assign Dmax further. The remaining energy increase the duty cycle of next slot

j to a level which is calculated as:

Duty(j) =
Eremaining

(Epredicted(j) − Ec)/η − Epredicted(j)
+ Dmin (5.33)

If there is remaining energy after allocating Dmax to all slot, the node will operate

on maximum performance level and this energy is stored in battery for future use.

154



� Estimated Harvested Energy is Lower than Total Energy Consumption:

Initial duty cycle assignment require more energy and energy deficiency is calculated

as:

L =
∑

iǫSDark

Duty(i)[
Ec

η
+ Epredicted(i)(1 −

1

η
)] +

∑

iǫSSun

EcDuty(i) −

N
∑

i=1

Epredicted(i)

(5.34)

In this case, the residual energy level in the battery is utilized to maintain the

assigned duty cycles. If this energy is not sufficient, the duty cycles of sun slots

Dmax are reduced uniformly by an equal amount as duty cycle in dark slots cannot

be reduced below Dmin.

5.2.2.1 Maximum Available Energy, Eavailable

The maximum available energy, Eavailable for node operation is bounded by maximum

and minimum duty cycles (Dmax, Dmin) as well as the battery backup, Ebackup.� If predicted energy is greater than average energy consumption in a particular time

slot, Eavailable is allocated with respect to Dmax only and given as:

Eavailable(i) = Dmax ×Epredicted(i) (5.35)

It is observed from equation 5.35, the battery backup is not considered in time slots

where bulk energy is available for use. The excess energy is used to increase the

duty cycle in dark slots and rest energy is stored in the storage device for future

time slots.� In the time slots with insufficient energy availability for node operation, the energy

is allocated with respect to Dmin, and Ebackup. If Ebackup is sufficient to maintain

the duty cycle, the node utilize sum of harvested energy and battery charge for

its operation otherwise node operates with low duty cycle as insufficient harvested

energy is available. Both the cases are formulated as:

Eavailable(i) =

{

Duty(i)(Epredicted(i) + η(Ec − Epredicted(i))) Ebackup > 0

Duty(i)(Epredicted(i)) Ebackup ≤ 0
(5.36)
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5.2.2.2 Battery Backup for Future Time Slots� When sufficient amount of environment energy is available, battery stores the excess

energy while considering the constraints of battery efficiency, η and sleep period of

duty cycle (1-Dmax). The battery backup for these slots is computed as:

Ebackup(i) = η×(1−Dmax)×Epredicted(i)+η×(Epredicted(i)−Ec)+Ebackup(i−1) (5.37)

The first part on the right hand side of the equation 5.37 shows the saved energy in

sleep mode, second part denotes the surplus energy than required by the load and

last term shows the battery backup in last time slot.� The time slots with less energy availability will make use of battery backup to

continue node operation. The backup in the battery is dependent upon battery

efficiency, η, inactive period of duty cycle and Epredicted. At the end of time slot t

remaining battery backup is given as:

Ebackup(i) =











η × (1 −Duty(i)) ×Epredicted(i) Ebackup(i) ≤ 0

η × (1 −Duty(i)) ×Epredicted(i)+

Ebackup(i− 1) − (Duty(i) × η × (Ec −Epredicted(i))) Ebackup(i) > 0

(5.38)

The first case in equation 5.38 denotes the saved energy in sleep mode. No residual

energy is available in this condition. In the second case from equation 5.38, battery

charge is used by the node to compensate the energy deficiency. The battery back

up at the end of the slot is the sum of saved energy in sleep mode and remaining

residual energy in the battery.

5.2.2.3 Energy Allocation Rules

The energy allocation for a slot is computed at the start of the slot t and taken as

Ebudget. The battery storage inefficiency (η ≤ 1) is taken into account as harvest-usestore

approach is used as basic architecture of sensor module. The amount of energy allotment

for each slot is dependent upon present weather conditions and battery back-up. The

parameter Eavailable is used as key parameter to calculate Ebudget for a particular slot.

The upper and lower limits of energy budget are decided by Dmax and Dmin and given

as:

Emaximum = Dmax × Ec (5.39)

Eminimum = Dmin ×Ec (5.40)
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Based on the equations 5.39 and 5.40, the energy assignment to a node at the start of

each time slot is given as:

Ebudget(i) =











Emaximum(i) ifEavailable(i) > Emaximum(i)

Eavailable(i) ifEminimum(i) < Eavailable(i) ≤ Emaximum(i)

Eminimum(i) ifEavailable(i) ≤ Eminimum(i)

(5.41)

For a time slot i, the duty cycle Duty(i) is computed using the parameter, Ebudget(i) and

defined as:

Duty(i) =
1

Ec

× Ebudget(i) (5.42)

Ec is assumed constant for N time slots and shows the energy consumption when node

is running on Dmax. The algorithm 5.1 summarizes the procedure.

5.2.3 Real Time Adaptivity to Pre-estimated Node Duty Cycle

with Low Variance

To maintain the condition of energy neutrality, it is necessary to dynamically adopt the

pre-estimated duty cycle with respect to real time energy measurements. If Duty(i) is

the pre-estimated duty cycle, Epredicted(i) is the predicted solar irradiance, and Eactual(i)

is the real time energy profile, the difference between two energy profiles, Edeviation(i) is

given as:

Edeviation(i) =











Eactual(i) − Epredicted(i) ifEactual(i) > Ec

Eactual(i) − Epredicted(i)−

Duty(i)[Epredicted(i) −Eactual(i)](1 − 1
η
) ifEactual(i) ≤ Ec

(5.43)� If measured solar irradiance, Eactual(i) is greater than the energy consumption, Ec,

the Edeviation(i) is simply the difference between predicted and measured energy

values.� If measured solar irradiance, Eactual(i) is lower than the energy consumption, Ec,

the Edeviation(i) also consider the extra energy drawn from the battery to maintain

energy neutrality.� If Edeviation(i) is positive, the excess energy will be used to increase the node duty

cycle. The slots with high energy availability are arranged in descending order and

iteratively increase the duty cycle to Dmax for performance maximization.
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Algorithm 5.1 Pre-estimation of node duty cycle� Condition for Energy neutral state and optimal duty cycle

N
∑

i=1

Duty(i)

B(N + 1) ≥ B0

Duty(i) ≥ Dmin ∀iǫ(1, ..., N)

Duty(i) ≤ Dmax ∀iǫ(1, ..., N)� Classification of sun and dark slots

Ssun = Epredicted − Ec ≥ 0 ∀i

SDark = Epredicted −Ec < 0 ∀i� Estimation of battery back-up

N
∑

i=1

B(i) − B(i + 1) =
∑

iǫSDark

∆TDuty(i)(Ec −Epredicted(i)) −

N
∑

i=1

η∆

TEpredicted(i) +
N
∑

i=1

η∆TEpredicted(i)Duty(i) −
∑

iǫSsun

η∆T

Duty(i)(Epredicted(i) − Ec)� For energy neutrality the following condition should be satisfied:

N
∑

i=1

Epredicted(i) =
∑

iǫSDark

Duty(i)[
Ec

η

+ Epredicted(i)(1 −
1

η
)] +

∑

iǫSSun

EcDuty(i)� Initial assignment

Duty(i) = Dmax ∀iǫSsun

Duty(i) = Dmin ∀iǫSdark
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� Subsequent cases

1. If estimated Harvested Energy is greater than Total Energy Consumption,

then Eavailable is:

Eavailable(i) = Dmax × Epredicted(i)

2. If Estimated Harvested Energy is Lower than Total Energy Consumption,

then Eavailable is:

Eavailable(i) =

{

D(i)(Epredicted(i) + η(Ec − Epredicted(i))) Ebackup > 0

D(i)(Epredicted(i) Ebackup ≤ 0� Battery Backup for Future Time Slots

Ebackup(i) = η × (1 −Dmax) × Epredicted(i) + η × (Epredicted(i)−Ec
) + Ebackup(i)

Ebackup(i) =















η × (1 − duty(i)) × Epredicted(i) ifEbackup(i) ≤ 0

η × (1 − duty(i)) ×Epredicted(i) + E(backup(i− 1))

− (duty(i) × η × (Ec −Epredicted(i))) ifEbackup(i) > 0� Energy Allocation Rules

Emaximum = Dmax ×Ec

Eminimum = Dmin × Ec

Ebudget(i) =











Emaximum(i) ifEavailable(i) > Emaximum(i)

Eavailable(i) ifEminimum(i) < Eavailable(i) ≤ Emaximum(i)

Eminimum(i) ifEavailable(i) ≤ Eminimum(i)

(5.44)� Estimated node duty cycle

Duty(i) =
1

Ec

× Ebudget(i)

Updated Duty Cycle:

To account the change in duty cycle, the residual energy, Eresidual(i) is computed. This

quantity signifies the amount of energy usage by node because of changed duty cycle and
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given as:

Eresidual(i) =

{

Ec × (Dmax −Duty(i)) ifEactual ≥ Ec

(Dmax −Duty(i))[Ec

η
+ Eactual(i)(1 − 1

η
)] ifEactual < Ec

(5.45)

Duty(i) =















Dmaximum ifEresidual(i) ≤ Edeviation(i)

Duty(i) + Edeviation(i)
Ec

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) > Ec

Duty(i) + Edeviation(i)
Ec
η
+Eactual(i)×(1− 1

η
)

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) ≤ Ec

(5.46)� If Edeviation(i) is negative, the duty cycle of subsequent time slots is reduced to

compensate the shortfall of energy. The slots with less energy availability are ar-

ranged in ascending order and iteratively decreases the duty cycle to Dmin in order

to reduce energy consumption by an amount Edeviation.

Updated Duty Cycle:

Eresidual(i) =

{

Ec × (Dmin −Duty(i)) ifEactual ≥ Ec

(Dmin −Duty(i))[Ec

η
+ Eactual(i)(1 − 1

η
)] ifEactual < Ec

(5.47)

Duty(i) =















Dmin ifEresidual(i) ≤ Edeviation(i)

Duty(i) + Edeviation(i)
Ec

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) > Ec

Duty(i) + Edeviation(i)
Ec
η
+Eactual(i)×(1− 1

η
)

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) ≤ Ec

(5.48)

The proposed adaptive duty cycle algorithm compensate for the prediction errors but

cannot be considered as a substitute for a good prediction method. The accurate estima-

tion solar irradiance is necessary for optimal duty cycle allocation whereas the dynamic

duty cycle adaption ensures the energy availability. The summarized procedure has been

given in algorithm 5.2.

5.3 Performance Analysis of Proposed Adaptive Duty

Cycle Algorithm in Different Forecasting Hori-

zons

The performance of proposed algorithm is analysed in terms of average duty cycle ob-

tained and effect of different prediction horizons on the stability of computed duty cycle.
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The performance analysis of proposed algorithm is carried out in two steps. In the first

step, pre-estimation of node duty cycle is done and analysed with respect to predicted

solar irradiance. For this analysis, upper and lower limit for average duty cycle is taken

as 70% and 1% respectively. In the second step, real time changes in node duty cycle are

observed with respect to measured solar irradiance.

5.3.1 Analysis of Pre-estimated Duty Cycle

January 1, January 4, and January 7 of the year 2016 are considered for the analysis of

proposed algorithm. Calculation of duty cycle is carried out during sun hours i.e. from

7:30am to 4:30pm and total time period is divided in half an hour time slots. Duty cycle

is pre-estimated from one hour to two and half an hour ahead time period.� Node Duty Cycle for January 1, 2016

Algorithm 5.2 Real Time Adaptivity to Pre-estimated Node Duty Cycle with Low
Variance� Difference between predicted and real time energy profile

Edeviation(i) =







Eactual(i) − Epredicted(i) ifEactual(i) > Ec

Eactual(i) − Epredicted(i) −Duty(i)[Epredicted(i)
−Eactual(i)](1 − 1

η
) ifEactual(i) ≤ Ec� If Eresidual(i) is positive, then updated duty cycle Updated Duty Cycle:

Eresidual(i) =

{

Ec × (Dmax −Duty(i)) ifEactual ≥ Ec

(Dmax −Duty(i))[Ec

η
+ Eactual(i)(1 − 1

η
)] ifEactual < Ec

Duty(i) =











Dmaximum ifEresidual(i) ≤ Edeviation(i)

Duty(i) + Edeviation(i)
Ec

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) > Ec

Duty(i) + Edeviation(i)
Ec
η
+Eactual(i)×(1− 1

η
)

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) ≤ Ec� If Eresidual(i) is negative, then updated duty cycle Updated Duty Cycle:

Eresidual(i) =

{

Ec × (Dmin −Duty(i)) ifEactual ≥ Ec

(Dmin −Duty(i))[Ec

η
+ Eactual(i)(1 − 1

η
)] ifEactual < Ec

Duty(i) =











Dmin ifEresidual(i) ≤ Edeviation(i)

Duty(i) + Edeviation(i)
Ec

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) > Ec

Duty(i) + Edeviation(i)
Ec
η
+Eactual(i)×(1− 1

η
)

ifEresidual(i) > Edeviation(i) ∧ Eactual(i) ≤ Ec
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Duty cycle of an energy harvested node is dependent upon the available solar irra-

diance and residual battery level. It is shown in Figure 5.10, these three quantities

are depicted simultaneously. It is assumed that initially the battery is fully charged.

For 1 hour ahead prediction with 6.21 RMSE, an average duty cycle of 66.31% is

computed as depicted in Figure 5.10(a). It is also clear from the Figure 5.10(a)

that in the absence of the solar energy, residual battery charge maintains the duty

cycle to an acceptable level. During the slots where considerable solar intensity

is available, solar irradiance drives the node and remaining energy recharge the

battery.

For 90 minutes ahead prediction, Cubist results in RMSE of the order of 6.73 that

offers similar solar profile as in previous case. For this prediction horizon, 65.78%

average duty cycle is pre-estimated (Figure 5.10(b)). For 120 and 150 minutes

ahead prediction horizon, Cubist offers 7.01 and 7.10 RMSE that results in 66.84%

and 66.31% average duty cycle respectively (Figure 5.10(c) and (d)).

It is observed that duty cycle of 60% to 70% is maintained for slots from 8:00am to

4:00pm in all the prediction horizons and reduced to 50% only in those slots where

solar energy is not available and battery backup is used to operate the node.� Node Duty Cycle for January 4, 2016

By considering the energy profile of January 4, 2016 as depicted in Figure 5.3, it

is observed that solar intensity level is similar to January 1, 2016. For 60 minutes

ahead prediction, Cubist offers 10.5 RMSE. It is seen in the Figure 5.11(a) that

minimum duty cycle of 1% is estimated during 4:00pm when solar intensity is very

low and battery get energy depleted. In the next time slot when battery recharge

itself, the duty cycle raised to 40%. With respect to this prediction horizon, the

average node duty cycle is 62.5%.

For 90 minutes ahead prediction, low irradiance level is observed during initial

time slots. Thus, the node will not attain maximum duty cycle during these slots.

Further, negligible solar intensity is observed at 4:00pm but residual battery level

is sufficient to operate the node on 50% duty cycle. For this forecasting horizon

with 12.1 RMSE, 64.0% average duty cycle is obtained (Figure 5.11(b)).

With respect to 120 minutes ahead prediction, 65% average node duty cycle is

estimated. Minimum duty cycle is obtained at 4:30pm where solar intensity is

negligible and node is powered by battery only (Figure 5.11(c)). Similarly, 65.5%

average duty cycle is achieved with respect to 150 minutes ahead solar prediction

(Figure 5.11(d)).
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Figure 5.10: Pre-estimation of node duty cycle for January 1, 2016
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Figure 5.11: Pre-estimation of node duty cycle for January 4, 2016
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� Node Duty Cycle for January 7, 2016

It is seen from the Figure 5.3 that predicted solar intensity is low on January 7,

2016 as compared to January 1 and January 7, 2016. Low harvested energy causes

poor charging of the storage device and low average duty cycle as it is depicted in

Figure 5.12. Further, different weather conditions with respect to past days also

affect the prediction accuracy.

For one hour ahead prediction horizon, Cubist offers 25.78% prediction error. It

is seen from the Figure 5.12(a) that during initial sun hours (7:00am to 10:00am),

very low solar irradiance is estimated. In this condition, the node is driven by

residual energy of battery. During 10:00am, the duty cycle drops to 1% as battery

get depleted. The proposed algorithm maintains the continuous operation of node

until the available energy is insufficient to operate the node. It is observed from the

Figure 5.12(a) that node is shut down at 4:00am when harvested energy is negligible

and battery get energy depleted. The average node duty cycle is estimated as 50%.

The same response is observed for 90 minutes (5.12(b)), 120 minutes (5.12(c)),

and 150 (5.12(d)) minutes ahead prediction horizons where average duty cycle is

observed of the order of 48.94%, 50%, and 48.94% respectively.

It is observed from the above analysis that the proposed algorithm attain high

average duty cycle in sunny weather conditions and avoid node shut down in the

condition of energy depletion (low battery backup and low solar irradiance). Table

5.1 summarizes different parameters obtained during pre-estimation of node duty

cycle.

Table 5.1: Parameters of pre-computed duty cycle.

Days under consid-
eration

January 1, 2016 January 4, 2016 January 7, 2016

Prediction hori-
zon (minutes)

60 90 120 150 60 90 120 150 60 90 120 150

Maximum duty
cycle (%), Dmax

70 70 70 70 70 70 70 70 70 70 70 70

Minimum duty
cycle (%),Dmin

49.65 50.41 49.92 50.41 5.95 47.56 38.61 48.52 2.72 0.01 1.36 0.01

Average duty
cycle (%), Davg

65.31 66.78 66.84 66.31 62.5 64.01 65.0 65.5 50.0 48.94 50.0 48.94
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Figure 5.12: Pre-estimation of node duty cycle for January 7, 2016.
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5.3.2 Analysis of Real-time Duty Cycle

In this analysis, real time duty cycle is measured with respect to estimated solar irradiance

in different forecasting horizons. The effectiveness of the proposed work is calculated in

terms of magnitude and stability of computed duty cycle. This measure of goodness-of-fit

allow pre-estimation of node duty cycle for network scheduling and planning.

Figure 5.13: Performance comparison for January 1, 2016.

Figure 5.13 shows a performance comparison between proposed algorithm and Kansal et

al.[58] for real time adaption of duty cycle. A stable duty cycle of 67.96% is observed

over all prediction horizons by the proposed work whereas a variation of 6% (62.49% to

67.84%) is shown by [58] approach. Further, a maximum deviation of 2.18 % is observed

between estimated and real time duty cycle. For January 4, 2016, Figure 5.14 shows

Figure 5.14: Performance comparison for January 4, 2016.

average duty cycle measured for the node with respect to different forecasting horizons

and maximum duty cycle of the order of 67.4% is calculated. Further, the proposed
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Figure 5.15: Performance comparison for January 7, 2016.

adaptive duty cycle algorithm shows a deviation of 2.23% whereas a variation of 7.07%

(56.09% to 63.16%) is observed in [58] approach.

Further, for January 7, 2016 where low duty cycle is estimated because of low solar

intensity, the proposed approach is effective in increasing the duty cycle by efficiently

utilizing the available energy and also circumvent the prediction errors. It is seen in the

Figure 5.15 that for estimated average duty cycles (50%, 48.94%, 50%, and 48.94%) for

60, 90, 120, and 150 minutes ahead time period respectively, the proposed adaptive duty

cycle algorithm results in 62.6%, 64.07%, 62.87% and 62.06% average duty cycle for 60,

90, 120, and 150 minutes ahead time period respectively. It is evident from the the Figure

5.15 that the computed duty cycle offers high magnitude and stability in comparison to

Kansal et al. [58] approach.

It is observed from the results that the proposed algorithm outperforms Kansal et al.[58]

for all the three days. Results validate that the proposed approach offers high and stable

duty cycle by compensating the variations in solar energy profiles and efficiently utilizing

the available energy.

5.4 Concluding Remarks

An improved adaptive duty cycle algorithm for energy harvested wireless sensor networks

is proposed. The key feature of the proposed algorithm is the energy assignment principles

along with the ability to adapt real time changes in pre-computed duty cycle. Pre-

estimation of minimum, maximum, and average node duty cycle prevent node from shut

down condition in energy depletion state.
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The accuracy of solar irradiance prediction algorithm plays a significant role in the pro-

posed approach. Based on the predicted solar irradiance values and by considering storage

element efficiency, the node duty cycle is pre-estimated. Simulation results shows in sec-

tion 5.3.1 that algorithm results in stable and significant magnitude of duty cycle of the

order of 66.84%, 65.5%, and 50% for January 1, January 4, and January 7, 2016 respec-

tively. Energy budget principles efficiently schedule the predicted energy and avoid the

node running out of energy.

Further, real time adaption to duty cycle compensate the deviation between predicted

and measured solar profiles. Under stable weather conditions, less deviation is expected

between these profiles and proposed approach leads to stable duty cycle with respect to

all horizons. Results also validate that the real time duty cycle is very close to predicted

ones. The proposed algorithm also handles the low residuals levels of storage elements and

low irradiance levels of solar energy by dynamically adopting the duty cycle with respect

to current energy states in the network. In case of low solar irradiance availability as for

January 7, 2016 as shown in section 5.3.2 where pre-estimated average duty cycle has

been calculated in range of 49% to 50% in different forecasting horizons, effective energy

management policies in real time duty cycle adaption algorithm increase the node duty

cycle to 64%.

The abrupt changes in the duty cycle are prevented by controlling the energy assignment

for node operation at different time instants. This phenomenon reduces the variations in

duty cycle between the different time slots as well as when the duty cycle is estimated in

different prediction horizons. The adaptive duty cycle lead to efficient power management

for the wireless sensor node.
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Chapter 6

Conclusion and Future Directions

,

The research objective of this thesis is to optimize the operation of environmentally pow-

ered wireless sensor nodes in terms of average duty cycle. An energy efficient power

management approach is proposed to achieve high average duty cycle with high stabil-

ity for optimizing WSN performance. The main findings from the research are listed

below:

1. A modified solar energy prediction algorithm is developed to gain close

approximations of real time energy profiles.

In this thesis, a modified form of time series analysis based Pro-Energy solar fore-

casting algorithm is proposed. To account the intrahour and intraday variability,

a similar day based data processing is done. For this purpose, the historical data

is statistically modelled to investigate the nature of past energy profiles. The fu-

ture energy patterns is interpreted from the pre-established patterns. The Trend

component is employed to depict time series patterns. Trend is a systematic, lin-

ear/nonlinear component that changes over time, give long run direction of energy

profiles (increase/decrease), and not repeat itself over specified range of considered

data. To eliminate the non-systematic components from the data series, double

exponential smoothing process is used. The statically manipulated data series is

used to extract past similar days to the current day energy profile with minimum

Euclidean distance. To give selective weightage to selected days, concept of com-

bined weighted profile is used. The performance of proposed algorithm is compared

with EWMA, WCMA, and Pro-Energy on the basis of prediction error. The simu-

lation results shows that proposed algorithm achieves large reduction in prediction

error over 30 minutes to few hours ahead prediction horizon in comparison with

Pro-Energy algorithm. Simulations are performed using MATLAB interface and

conducted on real time solar data from NREL.

2. The solar forecasting algorithm is optimized using machine learning

approach to predict future energy more accurately.
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To meet with the second objective, Machine learning approach is adopted which

is a sub-field of artificial intelligence. Similar day based methodology is used to

enable the machine learning models into self learning mode. The trained models

adapts to new data independently by utilizing the concept of pattern recognition

and by learning previous computations. The approach has the ability to analyze

large amount of data, interpret, and extract the useful information and filter out

the rest data. By utilizing this feature, the data from six years (2010-2015) is

used to execute second objective. Simulations are performed using R interface and

conducted on real time solar data from NREL.

Further, the selection of a particular model depends upon the nature of data se-

ries. A number of regression based machine learning models are evaluated in terms

of prediction accuracy. FoBa, leapForward, Spikeslab, Cubist, and bagEarthGCV

models are used for simulation. Three independent test cases are conducted to

evaluate the models in terms of prediction accuracy. It includes number of past

days considered, number of past time slots considered, and simulation over differ-

ent forecasting horizons. Seasonal effects are also considered while evaluating the

performance. The simulation results shows that machine learning models provide

high prediction accuracy over 1 hour to 48 hours ahead prediction horizons.

To further enhance the prediction accuracy, generalized mean based ensemble method

is proposed that assures high consistency and accuracy in combined behavior of indi-

vidual predictors. Optimal characteristics of accuracy and stability are obtained by

aggregating base machine learning models using generalized mean approach (arith-

metic mean, harmonic mean, quadratic mean, and median). Statistical comparison

between different models and proposed approach is carried out with respect to sea-

sonal variation and for forecasting horizons ranging from 1 hour ahead to 48 hours

ahead. From the simulation results, it has seen that statistical ensembling achieve

relatively high and stable prediction accuracy and hence overcome the shortcomings

of independent machine learning models. Quadratic mean and median approaches

achieves high performance matrix in terms of prediction accuracy, correlation coef-

ficient, RMSE, and stability.

3. An adaptive duty cycle algorithm is proposed to optimize average duty

cycle for a node to meet the performance requirements.

For an uninterrupted operation, sensor node should efficiently utilize the energy

for different node operations including sensing, actuation, processing, and commu-

nication. For this purpose, a power management unit in the power section assist

the node to tradeoff energy availability from energy harvesting source and battery
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backup of node. In this thesis, an adaptive duty cycling based power manage-

ment approach is proposed that employ energy budgeting principles for allocating

energy to the node with respect to the present status of energy availability while

considering harvesting source, battery backup, and load requirements.

Since solar energy is nondeterministic in nature, the pre-estimated solar energy pro-

files generated by Cubist model is used to model the energy generation rate, battery

backup in future slots, and energy consumption rate. The prior information of all

these parameters overcome the condition of energy depletion state in case of low

or no harvesting energy. These estimated profiles are used to implement energy

budgets for a sensor node that directly control the power consumption by the node

and hence the duty cycle. This predicted duty cycle provides the estimate of node

performance in future time slots. Further, based on the real time energy measure-

ments, the predicted node duty cycle is updated accordingly. The results shows

that the proposed approach achieves high average duty cycle with high stability

and hence the improved network performance. Simulations are performed using

MATLAB interface

4. The proposed algorithms are compared with the existing ones.� The proposed modified Pro-Energy algorithm is compared with EWMA, WCMA,

and existing Pro-Energy algorithm over 30 minutes to 120 minutes ahead pre-

diction horizon in terms of Mean Absolute Error (MAPE). The results validate

the effectiveness of proposed work over existing techniques for all prediction

horizons.� The proposed adaptive duty cycle algorithm is compared with existing kansal

et al.[58] approach. The first evaluation criteria is forecasting horizon over

which the node duty cycle is pre-estimated. This parameter is important

as it specify the time gap over which the pre-estimation of node status is

formulated. The second criteria is the magnitude and stability of real time

node duty cycle as it directly affect the network performance. The simulation

results shows that the proposed power management approach has effectively

respond to long time horizons and results in high and stable average duty cycle

in comparison to existing one.

The proposed thesis has achieved all the research objectives presented in the objective

one. To enhance the lift time of energy harvested wireless sensor networks, the future

work should be focused on the following factors:� The lifetime of a single energy harvested wireless sensor node has been considered.
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As the life time of whole network is important, the future work can focus to increase

the life cycle of energy harvested wireless sensor network.� Solar energy based prediction model for wireless networks has been considered.

By considering the cost and feasibility, the future can include other environmental

energy resources such as thermal, RF and vibration energy to design sensor network

and evaluate the performance.� Finally, the most important research issue is overall system efficiency. Work can be

extended to improve the circuit efficiency specially of the storage medium and the

power management unit, cost, size and power overhead as these are the deciding

factors of overall system efficiency.
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