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Abstract

Development of energy-resources-poor remote rural areas of the world has
been discussed by many in the past. Harnessing locally available renewable
energy resources as an environmentally friendly option is gaining momentum.

Smart Integrated Renewable Energy Systems (SIRES) offer a resilient and
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its intelligent control using neural networks and fuzzy logic.
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1. Introduction

In recent decades, there is an increased awareness of the environmental damage
caused by burning fossil fuels, which results in climate change and rising sea le-
vels. Population explosion is leading to unprecedented growth and challenges in
energy production, delivery, and usage [1]. In particular, providing basic needs
to people living in energy-deprived remote rural areas is the need of the hour.
The key for sustainable development lies in the use of renewable energy, which
has gained significant prominence in the past few decades. In addition, recent
significant cost reductions have made renewable energy sources competitive with
fossil fuels.

In Section 2, literature review of the previous work is presented. Operation of
SIRES is described in Section 3. Section 4 presents a detailed explanation of the
intelligent control for SIRES. Simulation results are discussed in Section 5. Fi-

nally, concluding remarks are succinctly presented in Section 6.

2. Literature Review

Approaches such as microgrids, Hybrid Renewable Energy Systems (HRES) and
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solar home systems harness renewable energy for the development of rural areas.
Uncertainty is the preeminent characteristic of renewable energy. To tackle un-
certainty, forecasting and energy management techniques are of prime impor-
tance. Zhang et al. presented an energy management strategy with the help of
fuzzy logic to reduce electricity bill and CO, emissions using photovoltaics (PV)
and energy storage systems [2]. The authors designed a supervision system for a
commercial building. Chaouachi et al proposed a multi-objective intelligent energy
microgrid to minimize the operational cost and the environmental impact by
taking into account the future availability of renewable energies and load de-
mand [3]. Neural Network was developed to forecast 24-hr ahead photovoltaic
generation, 1-hr ahead wind power generation and load demand. A fuzzy based
expert system was formulated for scheduling battery to decrease the battery
maintenance cost and extend the operation lifetime cost.

A Fuzzy Logic Energy Management System (FLEMS) for polygeneration microgrids
was suggested by Kyriakarakos ef al. [4]. These microgrids fulfilled the electricity,
transport and water needs and thus its outputs were power, hydrogen fuel for
transportation and potable water through desalination. Arcos-Aviles et al for-
mulated the design of a low complexity fuzzy logic-based energy management
system for a residential grid-connected microgrid that consisted of PV panels,
wind turbines and battery [5]. An experimental validation in a real microgrid
was carried out at the Public University of Navarre, Spain to confirm simulation
results. Chen ef al. presented the modeling, analysis, and design of fuzzy control
to optimize energy management system for a DC microgrid [6].

Previous works considered only “electricity” as the output parameter. A novel
approach entitled Smart Integrated Renewable Energy Systems (SIRES) was in-
troduced to employ renewable energy resources to fulfill basic requirements
such as cooking, electricity, and water for domestic and irrigation purposes in a
cost effective manner. SIRES is based on the principle of “energization” and not
“electrification” as in the case of current approaches. In SIRES, each system
component is optimally sized to minimize cost and maximize the reliability us-
ing techniques such as genetic algorithm. Smart sensors will be strategically
placed at locations where the quantity of resources has to be monitored. Sensors
will also be placed at locations where the status of system components should be
monitored. Intelligent controllers will be used to turn on/off system components
[7]. A framework for intelligent control of SIRES is presented in [8]. In order to
actuate the controllers, a combination of neural network and fuzzy logic control
is used. In this paper, minor modifications are made to the control algorithm to
make it more suitable for real-time applications. Further, the results obtained for
the control part of SIRES are discussed.

3. Smart Integrated Renewable Energy Systems (SIRES)

A generic schematic diagram of SIRES is shown in Figure 1. The principal ob-
jective of SIRES is to supply various energy and other needs of a remote rural

area by harnessing locally available resources with the goal of integrating
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Figure 1. A generic schematic diagram of SIRES [7].

benefits at the user end. It provides an effective and economical approach to
“energize” the rural areas instead of “electrification” as promoted by microgrids,
HRES, and other similar approaches. Electrification is a process wherein all
available resources are converted to electricity and stored to fulfill needs. On the
other hand, energization is a process of using several energy forms, of differing
quality and characteristics, to supply a variety of energy needs by matching the
needs with the resources. It aims to satisfy various energy needs (not just elec-
tricity) and maximize end-use efficiency while minimizing cost. For instance, in
a microgrid, biogas is converted into electricity and then used for cooking whe-
reas, in SIRES, biogas is directly used for cooking. This leads to a significant in-

crease in efficiency and decrease in cost.

Operation of SIRES

Renewable energy resources such as biomass, falling water, insolation, and wind
are inputs to SIRES as they are readily available in rural areas. These resources
are highly site-specific and stochastic in nature. Their seasonal variations tend to
complement each other. To make the best use of resources to fulfill needs, the
strength of one resource is utilized to overcome the weakness of the other. Bio-
mass collected in the form of agriculture and other organic wastes is used to

produce biogas. The chemical composition of biogas is very similar to conven-
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tional cooking gas and hence it is used for cooking. Biogas remaining after fulfil-
ling cooking needs can be utilized for pumping water and generating electricity
by means of biogas driven engines if required. A minimum amount of biogas is
always stored in the digester equivalent to three days of cooking supply for
emergency reasons. Water available in rivers, streams or lakes is pumped to an
over head reservoir using solar water pumps, wind mechanical water pumps,
and biogas powered water pumps. The stored water fulfills domestic and irriga-
tion water needs. Potential energy of water in the reservoir is also utilized to
generate electricity using microhydro systems whenever required. SIRES also in-
cludes photovoltaic arrays and wind turbines to provide electricity to rural areas.
As mentioned earlier, sensors and controllers are employed to intelligently con-
trol of SIRES.

4. Intelligent Control of SIRES

Intelligent control constitutes of two main parts: Neural Network Forecasting
and Fuzzy Logic Controller. Figure 2 summarizes the control approach for SIRES.
Historical demand data as well as weather data such as temperature, wind speed,
humidity and rainfall are the prerequisites to forecast demands such as cooking,
electricity, domestic and potable water and water for irrigation purposes. On the
other hand, data from the sensors such as available water, biogas, and charge in
the battery etc. are gathered and inputted to mathematical models of system

components. In addition, weather data is used to estimate the energy outputs for
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Figure 2. Schematic representation of intelligent control.
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solar and wind renewable technology devices. Estimated outputs of the system
components and the forecasted demand for the next hour are provided as input
to the fuzzy logic controller. The output of fuzzy logic is fed back to the system

components for the calculation of the next hour generation.

4.1. Neural Network Forecasting

Forecasting the demands is a significant aspect of SIRES control. Generally, load
forecasting models can be classified into two categories: time-of-day models and
dynamic models. Time-of-day model is a non-dynamic approach and expresses
the load at once as discrete time series consisting of predicted values for each
hour of the forecasting period. The second classification involves the dynamic
model that recognizes the fact that the load is not only a function of the time of
the day but also the load’s most recent behavior [9].

Similar day approach, regression models, neural networks, expert systems,
fuzzy logic, statistical learning algorithms and others are widely used for fore-
casting. Amongst these methods, neural networks have been universally accepted
as one of the most effective methods for short term forecasting [10]. Neural net-
works (NN) offer the ability to model the nonlinearities that are known to be
part of the demand pattern. Another advantage of NN is to automate the process
of constructing forecasting model. Given the set of examples of demand and re-
lated variables, NNs can construct a model automatically [11].

4.1.1. Selecting the Architecture

Forecasting or prediction requires the use of dynamic neural networks since it is
classified as time series analysis or dynamic modeling. For the purpose of dynamic
modeling, Non-linear Auto Regressive model with exogenous input (NARX) is
suitable. This network has an advantage of being trained using static back prop-
agation algorithm because the tapped-delay-line at the input of the network can
be replaced with an extended vector of delayed input values [12]. NARX Neural
Network architecture is shown in Figure 3.

4.1.2. Data Collection

For appropriate control of SIRES, it is required to predict needs such as amounts
of biogas for cooking, domestic water, electricity and irrigation water, which are
output variables of NN. These needs depend on weather conditions such as
temperature, wind speed, humidity, and rainfall. Hence, weather data is the input

variable to NN. One year of hourly data (8760 data points) for input and output

Hidden Layer with Delays

Output Layer

1 it]

Figure 3. NARX neural network.
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variables are used to train the NN. Hourly weather data for one year is ob-
tained from the Climate and Data Services, Oklahoma Climatological Survey. In
this work, period from September 1* 2014 to August 31* 2015 is chosen as an
example to represent climatic conditions for the SIRES design and optimization
process.

A typical hypothetical rural area with a population of 700 in 120 households
and 450 cattle is assumed as a candidate for SIRES. Agriculture is a presumed as
the basic occupation for people living in the rural area and 200 acres (80 hectares)
is believed to be irrigated land. Daily requirement of biogas for cooking purpose
is 0.34 - 0.42 m® per head [13]. Therefore, about 238 - 294 m’ for biogas is
needed every day for the rural community. Pattern of biogas consumption for
cooking is decided empirically. The average of daily water consumption per ca-
pita for domestic use in rural area is 71.3 liters [14]. To obtain the pattern of
consumption of domestic water, water utility engineer at the City of Stillwater
(OK, USA) was contacted. Hourly domestic water consumption for one year was
gathered. Urban water usage is higher compared to rural areas. Hence, the water
consumption is scaled by 2/3 to match the average consumption per capita in a
rural area as mentioned earlier. Electricity demand for 120 households varies
from 300 kWh - 360 kWh per day. For daily community purpose, electricity con-
sumption is assumed to vary from 45 kWh - 55 kWh. Hence, the total electricity
consumption for the rural area is in the range 345 - 415 kWh/day. As mentioned
earlier, 80 hectares need to be irrigated. Considering efficient irrigation, it is es-
timated that 30 - 60 m’ per hectare per day is needed [15]. Therefore, about 100 -
200 m® per hour is required for the entire irrigated land. Average annual preci-
pitation in the assumed area is 37.29 inches (941 mm) [16]. Effective rainfall for
crops is believed to be 70% (660 mm). Hence, water required for irrigation will
be 75 - 175 m’/ hour.

4.1.3. Training Neural Network

Neural network toolbox in MATLAB is used to develop the NARX network. Le-
venberg-Marquardt (LM) algorithm is used to train the NARX network. Num-
ber of neurons in the hidden layer was set as 40 and the delay is set as 4. Data
collected is divided into training (70%), validation (15%) and test sets (15%).
The network was trained for 1000 iterations until an acceptable Mean Square
Error (MSE) is obtained.

4.2. Fuzzy Logic Based Controller

SIRES control is a challenging problem since the mathematical model is difficult
to build. It consists of numerous renewable technology devices that are turned
on/off depending on the demands. In this paper, fuzzy logic (FL) based control
is applied to turn on/off renewable technologies devices. FL has not only excel-
lent expression ability of general knowledge but also powerful reasoning ability
of the expert system. If the exact mathematical model is difficult to build, FL can

provide as uitable tool for controlling the system [17]. Further, FL can encom-
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pass such subjective decision-making process due to its ability to define human
reasoning that can handle uncertainties regarding the SIRES exogenous envi-
ronment and the uncertainty of the forecasted parameters. Such an approach can
be easily extended to SIRES irrespective of the generation rating and the archi-

tecture of its components [3].

4.2.1. Fuzzification

Four demands, cooking, domestic water, electricity and irrigation water are re-
quired to be fulfilled by SIRES. The objective of SIRES is to meet these demands
in a cost effective and efficient manner. For this, highest priority is given to solar
energy and wind energy followed by water and biogas since both resources are
used to fulfill other needs as well. In addition, solar energy and wind energy are
freely available and should be used whenever possible.

To fulfill cooking demand, biogas is the only resource that can be used. Biogas
is produced every hour at the rate of 12 - 15 m*/hour and hourly cooking de-
mand varies from 0 - 35 m®> depending on the hour of the day. If biogas pro-
duced is not sufficient to fulfill the demand at that hour, then stored biogas is
used to fulfill the demand.

AC,(t)=C,(t)-Cp (1) (1)
where C, (t) and C,(t) is biogas produced and biogas demand for cooking
at hour t respectively.

For domestic water demand, water pumped by solar energy and wind energy
is given the highest priority, followed by water stored in reservoir and biogas po-
wered water pump. Domestic water demand varies from 0 - 8 m® per hour. To
fulfill this demand, it is necessary to turn on/off the water pumps depending on
the need.

ADW; (t) = DW (t) - DW, (t) (2)

ADW, (t) = DWq (t)+DW,, (t)— DW, (t) 3)

ADW, (t) = DW, (t)-+ DW, (t)-+ DW, (t)- DW, (t) "

where DW; (t), DW, (t) and DW,(t) are water pumped by solar energy,

wind energy and biogas respectively at hour £ DW, (t) is the domestic water
demand at hour &

For electricity demand, electricity produced by solar energy and wind energy
is given the highest priority, followed by water stored in reservoir and biogas
powered generator. Hourly electricity energy demand varies from 0 - 3.3 kWh.
To fulfill this demand, it is necessary to turn on/off the generators depending on
the need.

AE, (t)=E (t)-Ep (t) ©)

AE, (t): Es (t)+E\N (t)_ED (t) (6)

AE (1) = Eq (1)+ By (1)+ Ey (1)-Eo (1) o)

AE, (t): =N (t)+Ew(t)+EH (t)+EB (t)_ED (t) (8)
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where Eg(t), E, (t)E,(t) and Eg(t) are electricity produced by solar energy,
wind energy, picohydro and biogas respectively at hour # Ej, (t) is the electricity
energy demand at hour ¢

For irrigation water demand, water pumped by solar energy and wind energy
is given the highest priority, followed by water stored in reservoir and biogas
powered water pump. Irrigation water demand varies from 100 - 130 m’ per
hour. To fulfill this demand, it is necessary to turn on/off the water pumps de-
pending on the need.

AIW, (t) = W (t)— IW, (1) 9)
AIW, (t) = IWg (t)+ IW, (t)— W, (1) (10)
AIW; (t) = IWg (t)+ IW, (t)+ IW; (t)— W, (t) (11)

where W (t), IW, (t) and IW;(t) are water pumped by solar energy, wind
energy and biogas respectively at hour # IWj (t) is the irrigation water demand
at hour ¢

Membership function plots for available water in the reservoir, charge availa-
ble in battery/stored biogas in the digester, and biogas demand are as shown in
Figures 4-6. Membership function plots for AC,(t), ADW,(t), ADW,(t),
ADW, (t), AE(t), AE,(t), AE,(t), AE,(t), AIW,(t), AIW,(t) and
AIW, (t) are the same and is shown in Figure 7. Membership function plots for
controllers of all system devices are shown in Figure 8.

4.2.2. Inference Engine
Once the degrees of membership functions of each fuzzy set have been deter-
mined for a particular input, they are forwarded to the inference engine that de-

fines which rules should be evaluated. Four demands need to be satisfied by

T T T T T T T T
1L\nz Y LOW LOW MEDIUM HIGH FULL

! 1 :
0 10 20 30 40 50 60 70 80 90 100 110

Figure 4. Membership function for available water in the reservoir.
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Figure 5. Membership function for available charge in battery/stored biogas in digester.
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Figure 6. Membership function for biogas demand.

NEGATIVE ZERO POSITIVE

0

-10 -8 -6 -4 2 0 2 4 6 8 10

Figure 7. Membership function plot.
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Figure 8. Membership function plot for controllers.

SIRES. To fulfill each demand, several rules are developed. Examples of fuzzy
rules in each case are given here. It is important to note that not all rules are
mentioned.

Cooking Demand

If (AC, is not Negative) and (Stored-Biogas is not high) and (Biogas Demand
is high) then (Biogas-for-Cooking is ON) (Biogas-Produced in ON);

If (AC, is Negative) and (Stored-Biogas is high) and (Biogas Demand is low)
then (Biogas-for-Cooking is ON) (Biogas-Produced in ON);

If (AC, is not Negative) and (Stored-Biogas is high) and (Biogas Demand is
medium) then (Biogas-for-Cooking is ON) (Biogas-Produced in OFF);

If (AC, is not Negative) and (Stored-Biogas is high) and (Biogas Demand is
very-low) then (Biogas-for-Cooking is OFF) (Biogas-Produced in OFF).

Domestic Water Demand

If (ADW; is not Negative) and (Available-water-reservoir) is not full then So-
lar is ON, Wind is OFF, Biogas is OFF;

If (ADW, is Negative) and (ADW, is Negative) and (Available-water-reservoir
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is high) then Solar is ON, Wind is ON, Biogas is OFF;

If (ADW, is Negative) and (ADW, is Negative) and (Available-water-reservoir
is low) and (ADW, is Negative) then Solar is ON, Wind is ON, Biogas is ON;

If (Available-water-reservoir is Full) then Solar is OFF, Wind is OFF, Biogas is
OFF.

Electricity Demand

If (AE, is not Negative) and (Available-charge-battery is not High) then Solar
is ON, Wind is OFF, Battery is Charging, Hydropower is OFF, Biogas is OFF;

If (AE, is Negative) and (AE, is not Negative) and (Available-charge-battery is
not High) then Solar is ON, Wind is ON, Battery is Charging, Hydropower is
OFF, Biogas is OFF;

If (AE, is Negative) and (AE, is Negative) and (Available-charge-battery is not
High) and (AE; is Negative) then Solar is ON, Wind is ON, Battery is Charging,
Hydropower is ON, Biogas is ON;

If (Available-charge-battery is High) then Solar is OFF, Wind is OFF, Battery
is Discharging, Hydropower is OFF, Biogas is OFF;

If (AE, is Negative) and (AE, is Negative) and (Available-charge-battery is low)
and (AE, is Negative) and (AE, is Negative) then Solar is ON, Wind is ON, Bat-
tery is discharging, Hydropower is ON, Biogas is ON.

Irrigation Water Demand

If (AIW is Negative) and (AZW, is not Negative) and (Available-water-reservoir
is not Full) and then Solar is ON, Wind is ON, Biogas is OFF;

If (Available-water-reservoir is Low) then Solar is ON, Wind is ON, Biogas is
ON.

4.2.3. Defuzzification
The last step in fuzzy logic control is defuzzification. If the output is positive, the
corresponding renewable technology device is turned on. On the contrary, if the

output is negative, the corresponding renewable technology device is turned off.

5. Simulation Results and Discussions

System components of SIRES are optimally sized individually to minimize An-
nualized Cost of System (ACS) and meet target reliability simultaneously using
genetic algorithm [18]. The optimum number of system components such as
biogas generators, PV panels, wind turbines, pico-hydropower plants, PV po-
wered water pumps, wind-powered water pumps, biogas powered water pumps,
and batteries are found. The result obtained are arranged in the order of [PV
panels/Wind turbines/Biogas generators/Pico hydroturbine/Battery/PV powered
water pump/Wind-powered water pump/Biogas powered water pump] and is
equal to [75/9/1/5/5/4/8/1]. Once the optimum number of components is found,
the system components of SIRES including water level in reservoir and charge in
battery are modeled in MATLAB Simulink environment. Simulink model for the
NARX neural network and Fuzzy logic controller are developed and integrated

together as discussed previously. Technical specifications of system components
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are mentioned in [18].

5.1. Forecasting Results

As mentioned earlier, NARX Neural Network (NN) is used to forecast the de-
mands such as cooking, electricity, domestic and irrigation water. One-year of
historical demand data is one set of input to NN and historical weather data is
the other set of input. Weather data is vital to forecast the demands especially for
electricity, domestic and irrigation water. Electricity demand depends on tem-
perature, humidity, wind speed, and rainfall. Domestic water consumption in-
creases with increase in temperature and humidity whereas irrigation water de-
mand is reduced with the increase in precipitation levels (rainfall, snow). Fig-
ures 9-12 show the predicted demand versus target data for cooking, domestic
water, electricity and irrigation water demand respectively. The graphs have
been zoomed in from 3300th - 3600th hour (as an example) to clearly represent
the target and forecasted values. Table 1 lists the Mean Square Error (MSE) for
the four needs considered.

5.2. Intelligent Control

A Mamdani based Fuzzy Logic Controller was designed to actuate renewable
energy technologies using Matlab Fuzzy Logic Designer Toolbox. Neural Network
and Fuzzy Logic models were integrated into Matlab SIMULINK environment.
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Figure 10. Forecasted output vs targeted data for domestic water.
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Figure 12. Forecasted output vs targeted data for irrigation water

Table 1. Mean square error (MSE) for different needs.

Basic Needs Mean Square Error (MSE)
Cooking 4.15%
Domestic Water 3.57%
Electricity 7.612%
Irrigation Water 6.797%

Figure 13 shows the variations of biogas in biogas digester in terms of percen-
tage for a period of one year. As expected, the percentage of biogas varies be-
tween 0% and 100%. From the graph, it can be observed that the percentage of
biogas reduces to very low levels for the hour 3000 to 3500 corresponding to
December in the data considered. This is due to low insolation during winter,
which leads to higher usage of biogas for electricity and water pumping purposes
during this period. The same inference can be drawn for the hour 4500 to 5000
corresponding to the month of February. Biogas is at higher levels during sum-
mer because insolation is high and biogas is utilized in lesser quantity.
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Figure 13. Variations of biogas in percentage.

Figure 14 illustrates the varying water level in the reservoir in terms of per-
centage. The initial level of water in the reservoir is considered as 80%. As ob-
served in the graph, the water level in the reservoir varies between 70% and 90%
since the reservoir is assumed full when the reservoir is greater than 90%. From
the graph, it can be inferred that water in reservoir does not vary depending on
the climatic conditions. This is because the magnitude of water stored in the re-
servoir is very large when compared to the daily combined consumption of do-
mestic and irrigation water.

Figure 15 illustrates the level of charge in battery in terms of percentage and
its initial level is assumed as 80%. As observed in the graph, the level of charge in
the reservoir varies in between 10% to 100%. From the graph, it can be inferred
that charge in the battery is low in summer. During summer, the electricity load
is at peak consumption when compared to other seasons. Hence, usage of bat-

tery is greater in summer when compared to the other seasons.

6. Concluding Remarks

A systematic approach for intelligent control of Smart Integrated Renewable
Energy System (SIRES) is presented. SIRES is capable of simultaneously utilizing
renewable resources such as biogas, water, insolation and wind to supply basic
needs of rural areas in a cost-effective and smart way. Essential needs such as
cooking, electricity, and domestic and irrigation water are fulfilled by matching
them to resources apriori. For successful operation of SIRES, smart sensors and
intelligent controllers are employed to effectively utilize available resources.
Fuzzy Logic Controller (FLC) in tandem with neural network forecasting of the
demands constitutes the intelligent control part of SIRES. Mean Square Error
(MSE) of the forecasted demands lies between 3% - 8%. Forecasted demands,
renewable technology models, and data from controllers are given as inputs to
the Fuzzy Logic Controller that actuates the systems components for the next hour.

Intelligent control of SIRES results in operation of appropriate subsystems such
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Figure 14. Variations of water in reservoir in percentage.
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Figure 15. Variations of level of charge in battery.

as storage well within the defined constraints. Employment of SIRES will lead to
overall sustainable development and improves the basic living environment of

remote rural communities.
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