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ABSTRACT

KEYWORDS: Battery energy storage systems; energy management; renewable
energy sources; smart power converters; voltage control

Energy management and voltage control are essentially required for the optimal man-
agement of energy flow when there is more than one energy source available for power
supply (e.g. renewable energy sources (RESs), diesel generator (DG), etc.) and for im-
proving the voltage profile, respectively. The battery energy storage and smart power
converters are extensively used to implement the energy management and voltage con-
trol applications in low voltage (LV) distribution systems. Moreover, the optimal rule-
based energy management approaches are considered as simple yet effective strategies
used to implement energy management and voltage control applications. Out of the
various energy management applications, the peak shaving is an important application
which benefits both grid operators and end-users. Therefore, in this thesis firstly an op-
timal rule-based peak shaving method is proposed using battery energy storage system
(BESS) which minimizes the peak grid demand in LV distribution system considering
load and RES power profiles as inputs. However, the energy price is not considered
as input while formulating the peak shaving control strategy. The demand response
(DR) application becomes important when the energy price profile along with load and
renewable energy sources (RESs) power profiles is considered as input. Therefore, fur-
ther an optimal rule-based DR method is developed using BESS which minimizes the
energy consumption cost of the system over a day.

These proposed rule-based peak shaving and DR methods are developed considering
the aggregated load and RES at LV ac bus. However, in case if the loads and RESs are
considered to be connected at various buses in the distribution system, the voltage con-
trol application becomes important for satisfactory operation of consumer equipment
while maintaining the load bus voltages within the limits of grid codes. Therefore, an
optimal rule-based voltage control method is proposed to know the optimal set points
of LV ac bus voltage which minimizes the voltage deviation in LV distribution system
over a day. Further, in order to show the impact of optimal control of BESS along with
the LV ac bus voltage control and RESs converters reactive power control, an isolated
DG supplied LV distribution system is considered. In such a system, the fuel consump-
tion of DG not only depends on the LV ac bus demand but also on its rated power. The
rated power of DG can be reduced through the peak shaving application. Accordingly,
the proposed optimal rule-based peak shaving control is modified for the application in
DG supplied distribution system while minimizing the LV ac bus demand using LV ac
bus voltage and reactive power control of RES converters.

All these proposed energy management and voltage control methods are tested in MAT-
LAB. The improved performance of the system with the proposed methods is observed
through various performance indicators such as percentage peak shaving, energy con-
sumption cost, average voltage deviation, fuel consumption of DG, etc.
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CHAPTER 1

INTRODUCTION

There is a continuous increase in the energy demand due to the industrial growth in de-

veloping countries. The coal based power plants are the major conventional power

producing options used to meet the required energy demand. The first coal based

power plant was built in France in the year 1875 [1]. Later, the internal combustion

engine was introduced by Daimler in 1886 which use oil and gas for power generation.

This power generated using these fossil fuels at conventional power plants reaches con-

sumers through various components of power systems i.e., transformers, transmission

lines, and distribution lines. At the power plants, step up transformers are used to in-

crease the voltage level of generated power. Further, the power is transmitted through

transmission lines. Again, depending on the consumer voltage requirement, the step

down transformers are used to transform the high voltage level to medium voltage level,

and medium voltage level to low voltage (LV) level for utilization purposes. From these

voltage levels, the energy is carried through different distribution lines to the consumers.

Therefore, this transfer of energy from conventional power plants which are located far

from the consumers results in higher energy losses. Moreover, the increase in pollu-

tion and depletion of the fossil fuels of coal, oil and natural gas are the other major

disadvantages of conventional power generation methods. To tackle these challenges,

the integration of distributed energy resources (DERs) is increasing in LV distribution

systems [2].

The integration of DERs in the LV distribution systems provides the possibility for the

consumers to produce energy [3]. However, it causes new challenges such as increased

consumer expectations (e.g. improved reliability, satisfactory operation of loads, and

energy consumption cost reduction), requirements for supporting bi-directional energy

flow and communication infrastructure, increased system threats from environmen-

tal/cyber events, etc. It is important to deal with such challenges for ensuring economic

and reliable operation of power distribution systems [4]. The energy management and

voltage control play an important role in dealing with these challenges in LV distribution

systems. The energy management approaches are developed for optimal management
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of energy flow when there are more than one energy source available for power supply.

The voltage control is used for maintaining the bus voltages within the required limits

and for improving the voltage profile. In this scenario, the battery energy storage sys-

tems (BESSs) and smart power converters are extensively used to implement the energy

management and voltage control applications in LV distribution systems. In literature,

several energy management applications such as power balance, peak shaving, demand

response (DR), and voltage control are implemented using different approaches such as

dynamic programming (DP), meta-heuristic, and rule-based approaches.

This chapter is dedicated to the discussion of the available literature on energy man-

agement and voltage control in LV distribution systems in presence of DERs followed

by the research gaps identified in the literature, and objectives of the thesis. Accord-

ingly, the integration of DERs in LV distribution systems is discussed in Section 1.1.

The energy management and voltage control for LV distribution systems is described in

Section 1.2. The use of BESSs and smart power converters for implementing different

energy management and voltage control applications is described in Section 1.3. The

Section 1.4 presents the various approaches used for implementing energy management

and voltage control applications. Further, the research gaps identified, objectives, and

organization of the thesis are explained in Section 1.5, 1.6, and 1.7, respectively.

1.1 INTEGRATION OF DISTRIBUTED ENERGY RESOURCES

IN LOW VOLTAGE DISTRIBUTION SYTEMS

The benefits and challenges of integration of renewable energy sources (RESs), diesel

generators (DGs), and BESSs in the distribution systems are discussed as follows.

1.1.1 Renewable Energy Sources

The integration of RESs provides several benefits such as [5],

1. Environmental benefits such as reduction in pollution as well as green house gas

emissions

2. Defers new power plants installations and transmission lines extensions

2
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3. Power supply during emergency conditions

4. Energy access to the remote places

5. Social and economical growth with improved job opportunities

6. Possible line losses reduction when located near the load demand

7. Possible reduction in peak power requirements

Due to these benefits of RESs along with their reduced capital costs, and provision

of incentives for their installations by local government utilities, there is continuous

growth of their use in LV distribution systems. Moreover, there is a continuous decrease

in the tariff of solar and wind energy as shown in Fig. 1.1 [6]. This has led to the

increased use of solar photovoltaic (PV) and wind power sources in recent days.
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Fig. 1.1 Solar and wind energy tariff .

The installed capacity of power generation in India till October, 2022 is shown in Fig.

1.2 [7]. It indicates that the RESs installed capacity is 119.1 GW out of the total installed

capacity of 408.71 GW i.e., the RESs installed capacity is nearly about 30% out of total

installed capacity. The PV and wind power sources require power conversion systems

in order to integrate them to the distribution systems [8]. The integration of PV source

to the ac bus of the distribution system is shown in Fig. 1.3. The PV source is connected

through the dc/dc and ac/ac converters to the ac bus. In general, the dc/dc converter is

used for extracting maximum power from the PV source by implementing the maximum

power point tracking (MPPT) algorithms.

3
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Fig. 1.2 Installed capacity in GW in India till October, 2022.

dc
     dc

ac bus.dc
      ac

PV source

Fig. 1.3 Integration of PV source to the ac bus of the distribution system.

The integration of the wind power source to the ac bus of the distribution system is

shown in Fig. 1.4. The wind power source is connected through the ac/dc and dc/ac

dc
      ac

Wind source

.ac busac
      dc

Fig. 1.4 Integration of wind power source to the ac bus of the distribution system .

converters to the ac bus. The ac/dc converter is used for extracting maximum power

from the wind power source by implementing the MPPT tracking algorithms.

Even though there are several benefits associated with the integration of RESs in dis-

tribution systems, there exists certain technical challenges as given below [5], [9], [10].

1. Variation of power with respect to weather conditions (solar irradiation and wind

availability)

2. Reliability issues

4
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3. Power quality issues such as voltage variations, frequency variations, noise, har-

monics, etc.

4. Stability issues

5. Cost of investment

6. Effects on conventional power plants such as increase in operation, maintenance,

and fuel costs as well as decrease in the expected life of power plants

It is possible to solve the few of the above challenges using the other resources such as

the DG and BESSs [11] as discussed in following sections.

1.1.2 Diesel Generator

A DG utilizes a diesel engine and electric generator to generate electrical energy. It

is capable of providing steady power irrespective of weather conditions. It can inject

both active and reactive power into the system [12]. The DGs are useful for supplying

power when the RESs power is not sufficient to balance the required load demand. An

example of PV and DG source connected to ac bus of the distribution system is shown

in Fig. 1.5 [13]. In this case, the impact of variability of the PV power can be mitigated

using DG.

dc
      ac

PV source

dc
      dc ac bus

.
DG

Fig. 1.5 DG and PV source connected to ac bus of the distribution system .

Moreover, DGs are used as a back-up source to provide power during the emergency

conditions and power outages. The DGs are also used as main power supply to support

the loads in isolated distribution systems [14]. In [15], the RESs and DG based hybrid

power systems are discussed for improving the reliability of the system. Further, the

DGs have low installation cost, and its operation is simple and reliable. However, the

5
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high operating cost is the main disadvantage of DGs which depends on its fuel con-

sumption. In DG based systems, the fuel consumption of DG depends not only on its

power requirement but also on its rating [16]. Therefore, in order to avoid the high

fuel consumption cost of DG, the use of energy storage systems along with the DGs is

encouraged [17] in LV distribution systems as discussed in following section.

1.1.3 Battery Energy Storage System

A BESS is a combination of a power converter and the energy storage medium of the

battery. The dc energy is stored in the battery. The converter is useful for maintaining

the required charge/discharge powers. The BESS responds quickly to the frequency and

voltage changes than the DGs and compensates the intermittency of RESs. It means that

the BESSs can absorb and store the excess power available with the renewable sources

and deliver power to the load as and when required [18]. Therefore, BESSs increase

the reliability and provide more flexibility for the operation of distribution systems. An

example of hybrid power system with the integration of the battery to the dc bus of

the distribution system along with DG and RESs is shown in Fig. 1.6. The battery is

connected through a dc/dc converter to the dc bus [8].

dc
     dc

Battery

dc bus
dc
     ac

PV

dc
     dc ac bus

DG
ac
     dc

Fig. 1.6 Integration of the battery to the dc bus of the distribution system along with
PV source and DG .

The use of these various DERs in LV distribution systems requires efficient control

strategies/approaches for managing energy flow [19]. This requires the development of

energy management methods which are discussed in following sections.

6
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1.2 ENERGY MANAGEMENT AND VOLTAGE CONTROL FOR

LOW VOLTAGE DISTRIBUTION SYSTEMS

The energy management is used to effectively coordinate energy sharing among the dif-

ferent energy sources while supplying required amount of load in the system. The volt-

age control methods are used for improving the voltage profile in distribution systems.

In literature, there exists several energy management and voltage control approaches

based on different applications, operating modes, control structure, optimization prob-

lem formulation, optimization methods, uncertainty modelling, etc. The application

can be for residential, industrial or commercial loads [20]. The operating mode can

be either grid-connected or islanded operation [21]. The control structure can be cen-

tralized, decentralized or hierarchical [22]. Further, the uncertainty can be modelled

as deterministic or stochastic [23]. Similarly the optimization problem can be single

objective or multi-objective [24]. The energy management approaches involve an ob-

jective function such as minimizing the energy loss, minimizing the energy consump-

tion cost, minimizing the peak power, minimizing the voltage deviation, minimizing the

fuel consumption, maximizing the lifetime of different components of the system (e.g.,

converters, batteries), maximizing the environmental benefits, etc [25]. These objec-

tives have to be achieved while satisfying the various constraints of the system such as

device ratings, bus voltage magnitudes constraints, thermal limits of the lines, etc.

Therefore, energy management and voltage control approaches involve different opti-

mization problems with different objectives and constraints. These optimization prob-

lems are solved using optimization techniques. In this scenario, energy management

and voltage control of the systems need the presence of flexible control devices for

achieving these objectives. The BESSs and smart power converters are widely used for

implementing the energy management applications. The use of these BESSs and smart

power converters for different energy management and voltage control applications in

LV distribution systems is discussed in following sections.

7
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1.3 ENERGY MANAGEMENT AND VOLTAGE CONTROL US-

ING BATTERY ENERGY STORAGE SYSTEMS AND SMART

POWER CONVERTERS

1.3.1 Battery Energy Storage Systems

The BESSs are able to absorb and store the excess power available with the renewable

sources as well as deliver power to the load as and when required. With these features,

the BESSs can increase the reliability of power supply to the load and also increase the

self consumption of the systems. They also provide the flexibility for the operation of

distribution systems with their charge/discharge power control capability. Due to these

advantages, it is possible to implement the energy management and voltage control

applications using BESSs [26]. There are several real world implementations of BESSs

which are used for different applications in various countries. The Hornsdale Power

Reserve is the first largest BESS installed in South Australia in 2017 with an energy

capacity of 100 MWh and power rating of 100 MW [27]. It is used for providing

the energy arbitrage and contingency spinning reserve services. The Green Mountain

Power project is the other grid scale BESS installed in Vermont in 2015 with a power

rating of 4 MW and 20 MWh [28]. It is used for providing the back-up power and

energy consumption cost savings. There are also several hybrid BESS installations in

Braderup, Brilon, and Varel which are located in Germany to increase self consumption,

provide power reserve, energy trading, reactive power, etc [26]. In India, the first grid-

scale BESS is installed in Delhi in 2019 with a rating of 10 MW and 10 MWh to utilise

for Tata power distribution network. The Tata power in collaboration with the company

Nexcharge installed a BESS with a rating of 150 kW/528 kWh to improve the reliability,

reduce the peak load [29].

The BESSs used for implementing the power balance, peak shaving, and DR applica-

tions are discussed in detail as follows.

Power Balance

The active power balance is the essential condition to be satisfied for normal operation

of the power system [30]. Considering the variable nature of RESs and load demand,

8
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it is important to maintain the power balance in the power systems [31]. The design

and control of a hybrid ac/dc microgrid (MG) for power balance in both grid-connected

mode and isolated mode has been studied in [21]. A system as shown in Fig. 1.7 is

considered. In grid-connected mode, the grid ensures the power balance. The excess

power produced by the hybrid MG is sent back to grid and the deficit power in the

system is supplied by grid. Here, the storage system is not very important as grid

ensures the balancing of power. However, in isolated mode, the energy storage becomes

very important to ensure power balancing. There are four operating states in isolated

mode. In state 1, the energy generated in both the MGs i.e. both ac and dc MGs meet

their individual loads. Then, there is no exchange of power through main converter. In

state 2, power generated in ac MG is not sufficient for its loads, but the power generated

in dc MG is more than its load requirement. Then, the required power is transferred

from dc bus to ac loads. In state 3, the dc load requirement is not supplied by dc MG,

then it is supplied from ac MG. In state 4, the load demand is not met by both MGs,

then automatic load shedding is applied.

dc 
load

ac
load

dc bus

ac bus

dc 
load

ac
load

(a) (b)

Grid DG

   PV 
system

 Wind
system

 Wind
system

BESS

dc bus

ac bus

PV
system

Wind
system

Wind
system

BESS

Fig. 1.7 Power balance. (a) Grid-connected mode. (b) Isolated mode .

Further, in literature BESS and super capacitor (SC) are considered for power balance

application in isolated system consisting of wind power sources in [32]. In [33], [34],

an isolated hybrid power system consisting of PV, wind and energy storage devices is

considered where storage devices are used for ensuring power balance in the system.

The peak shaving is another important energy management application of BESSs which

is discussed in following section.

9
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Peak Shaving

The process of reducing the peak power is considered as peak shaving. It is possible

to reduce the peak powers by discharging the energy storage during peak power hours.

In literature the peak shaving application using energy storage is extensively discussed.

In [35], the importance of peak shaving using energy storage devices for reducing the

capital expenditure (by reducing the infrastructure cost) and operational expenditure (by

reducing energy consumption cost) is presented. The energy storage options such as

BESS and super capacitor for peak shaving application are discussed in detail. In [36],

the application of energy storage devices for peak power reduction in a data center is

presented and various peak shaving techniques are discussed. Further, the economic

benefits associated with the peak shaving techniques are analyzed. In [37], the impacts

of peak shaving techniques in a Google data center on energy consumption cost are

discussed. Further, peak shaving application using energy storage is described. In [38],

a peak shaving control strategy based on BESS is proposed for reducing the wind power

curtailment and operation costs of the system. In [39], the application of peak shaving

for energy loss reduction in a distribution system is presented. The energy storage

devices are used for peak shaving and optimally placed for energy loss minimization.

In [40], an offline heuristic algorithm named MinPeak is developed to minimize the

peak power consumption while scheduling the controllable appliances of the system.

However, the application of the energy storage is not considered. In [41], an online

computational approach is developed for minimizing the peak grid demand consider-

ing the electric vehicle (EV) charging. In [42], a heuristic algorithm is developed for

minimizing the EV charging cost as well as the peak demand while controlling the

charging powers of EV. However, the control of the battery power during discharging

is not discussed in [41], [42]. In [43], an online algorithm is proposed to minimize

the peak demand usage while determining the discharge quantity of the energy storage.

However, the control of the battery power during charging is not considered.

The peak shaving control using power limits is widely used in industry due to its sim-

plicity [37]. The maximum limit of power that is drawn from (injected into) the utility

grid is known as the demand limit (feed-in limit). In [44], energy storage is employed

for peak shaving using a demand limit while reducing the energy cost of the system. A

system as shown in Fig. 1.8 is considered. The PV source and BESS are connected to

10
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dc link through dc-dc converters. The bi-directional dc-ac converter is used to integrate

PV-BESS to the grid.

Fig. 1.8 Grid-connected PV storage system .

Time (h)

P
o
w

er
 (

k
W

)

0 2 4 6 8 10 12 14 16 18 20 22 24

3

2

1

0

-1

4

Fig. 1.9 Power flows in the grid-connected PV storage system .

The problem of optimal energy management is solved by considering the minimiza-

tion of energy cost of the system as objective function. The peak power constraint

is considered along with the power balance, the battery state of charge (SoC) and

charge/discharge power constraints. The obtained power flows are shown in Fig. 1.9.

The load demand above the demand limit is supplied by either PV or the battery to

limit the peak grid power to the chosen grid maximum power limit of 3 kW. Battery

is discharged during the peak load hours and charged when the load demand is less

than the demand limit. Moreover, the flexible day-to-day management of the battery

is maintained. Flexible day-to-day management with energy storage is the property of

maintaining its SoC at the end of the day, the same as SoC of the start of the day.
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In [45], a controller is designed for peak shaving which charges/discharges the stor-

age system using a demand limit. In [46], storage systems are optimally sized for peak

shaving and a peak shaving control strategy is proposed for minimizing peak load in dis-

tribution systems using demand limit. The improved distribution system performance

and energy cost reductions due to peak shaving control are discussed. Similarly, in [47],

[48], demand limit is considered for peak shaving with the battery controller. However,

the feed-in limit is not considered. In [49], peak shaving using optimal schedules of

BESS with a demand limit is considered. In [50], energy storage is used for peak shav-

ing considering demand limit in order to enhance the reliability of supply. In [51], de-

mand limit is considered to operate the appliances of the system economically. In [52],

the peak shaving is done while minimizing the operating costs of the system. The

demand limit is considered as a constraint. The trajectory of SoC of the battery, set

points of voltage regulating devices, and reactive powers DERs are considered as con-

trol variables. The optimization problem is formulated as mixed-integer second-order

cone program which is handled by CPLEX solver. However, the number of control

variables are more as the trajectories are considered to be controlled (e.g. considering

the SoC trajectory as the control variable leads to twenty four control variables over a

day with hourly dispatch of the battery). Moreover, in [40]–[52], the feed-in limit is not

considered.

The importance of peak feed-in limit for voltage control in distribution systems is pre-

sented in [53]. In [54], the feed-in limit is considered for peak shaving, but the demand

limit is not considered. It is known that the voltage drop issues in the distribution net-

work are due to the peak demand, and voltage rise issues are due to peak feed-in powers.

Moreover, limiting peak powers leads to the reduction of energy losses in the system.

Therefore, it is important to limit both peak demand and feed-in powers for a better

voltage profile and increased energy efficiency of the distribution system.

Along with the power balance and peak shaving, the DR is another energy management

application of BESSs which is discussed in following section.

Demand Response

The methods developed by energy utilities to influence the energy consumption pat-

terns of consumers are termed as DR methods. The use of energy storage along with
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RESs allows the consumers to change their load profile patterns and participate in DR

programs. The DR programs are categorized into two types i.e. incentive based (IB)

programs and price based (PB) programs. The incentive based programs are further

classified into six types [55] as given in Table 1.1.

Table 1.1 Incentive Based Programs and their Functions

Incentive based program Function

DLC Control of loads directly by utility.

I/C Offering discounts for reducing electricity consumption.

DB Bidding by consumers for reducing load at a given price.

EDR
Offering financial incentives if system’s

reliability is in critical condition.

CM
Committing load reduction before

the occurrence of critical condition.

ASM
Bidding a load reduction amount on

the ancillary services market.

In direct load control (DLC) program, utility or system operator controls the consumer’s

equipment in case of local contingencies by offering incentive payment. In interrupt-

ible/curtailable (I/C) services, consumers receive a discount or credit for reducing load

during contingencies. In demand bidding (DB) programs, large consumers are encour-

aged to provide their load reductions at a price at which they are interested to curtail,

or to know how much load they would be interested to curtail at posted prices. In

emergency demand response (EDR) program, consumers will be provided incentive

payment for their load reduction during reliability-triggered events. In capacity mar-

ket (CM) programs, consumers have to commit for providing specified load reductions

during contingencies, if they don’t provide penalty will be applied. In ancillary service

markets (ASM), consumers are allowed to bid load curtailments in independent system

operator (ISO) markets as operating reserves. If their load curtailments are needed, they

will be paid spot market energy price by ISO.

The price based programs are further classified into three types [56] as given in Ta-

ble 1.2. In time of use (ToU) program, based on the time of the day (peak, average

and off-peak periods), different electricity rates are used. In real time price (RTP) pro-

gram, the rates are dynamically changed throughout the day. Utility gives the forecasts

of these rates to the consumers an hour or a day in advance. In critical peak pricing

(CPP), consumers are charged with higher rates during the critical operating conditions
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(contingencies), and so it is used in addition to ToU.

Table 1.2 Price Based Programs and their Functions

Price based program Function

ToU
Changing electricity prices depending on time of

the day like on-peak, average load and off-peak hours.

RTP Changing electricity prices every hour of the day.

CPP Charging higher prices during contingencies.

Use of energy storage along with PV sources allows the consumers to change their load

profile patterns and participate in price based DR programs [57]. The importance of

energy storage for DR under dynamic energy price market is presented in [58]. A smart

MG including a smart home has been studied in [59] and energy consumption cost is

reduced with the help of price based DR and DERs management. In accordance to

DR decisions, DER management coordinates operations of micro combined heat power

systems (CHPs) and the battery. A three level hierarchical optimization is proposed.

The lowest level is DR which is performed by distributed agent in each home for reduc-

ing the energy consumption cost. In the next level, a centralized agent optimizes micro

CHPs generation after getting load demand of each house with DR. In this strategy,

generation of all micro CHPs is coordinated to minimize the cost of whole community.

In the last level optimal control of the battery charging and discharging is done. The re-

sulting energy consumption cost for different days with and without the DR is shown in

Fig. 1.10. It indicates that the energy consumption cost is reduced with the application

of DR method in all the days.

With DR

Without DR

1          2          3          4         5          6          7   0
Day

C
o
st

 (
U

S
D

)

6

4

2

0

Fig. 1.10 Energy consumption cost without DR and with DR .

Further, the DR control using energy storage level thresholds, power limits and energy
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price limits for economical operation of the system is discussed in the literature. In [60],

energy storage level thresholds are considered for economical operation of the system.

Both energy buying and selling prices are considered for implementing the control strat-

egy and two thresholds are used for deciding schedules of energy storage. However, the

presence of RESs along with the storage is not considered. Similarly, energy storage

level thresholds are considered for economical operation of the system with RESs and

ac/dc loads in [61]. However, the selling price of energy is not considered. In [62]

and [63], power limits are considered for scheduling load appliances of the system in

order to minimize the energy cost of the system. In [64], the power limit is considered

to control the energy price of consumers.

In [65], the energy storage is used to reduce the operating cost of the system while con-

sidering both buying and selling prices of energy. An optimization model using energy

storage is proposed in [66] for energy cost reduction of the system. In both [65], [66]

the energy cost is reduced by charging the energy storage during low buying price hours

and discharging it during high buying price hours. In [67], the effect of energy price

limits for reducing the energy cost of the system using BESS is presented. However,

the use of RESs with BESS is not considered. In [68], the energy price limit is con-

sidered as a price below which each appliance starts to operate for minimizing energy

cost of the system. In [69], the buying price limit is considered to control the set-point

temperature of the thermostat. In [70], buying price limit is considered while flexible

day-to-day management is maintained. However, the price variation is considered for

only two periods. In [71], a price limit is considered below which energy can not be

sold. However, the buying price limit is not considered. The literature works based on

consideration of system components, energy storage level thresholds, power limits, and

energy price limits for energy consumption cost reduction are summarized in Table 1.3.

It is important to have both energy buying and selling price limits for DR control in

PV storage systems. Because energy cost of the system is reduced if the battery is

discharged when buying price is more than the buying price limit. It means that less or

no power is drawn from grid when buying price is more than its limit. Similarly, if there

is selling price involved, operating energy cost is reduced if PV source is used to charge

the battery only when selling price is less than the selling price limit. It means that PV

power is injected to grid when selling price is more than its limit. In this scenario it

is important to have optimal energy buying and selling price limits for minimizing the
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energy cost of the system.

Along with the above discussed applications, the BESSs are also used for increasing

the self consumption of the system [72], [73], economic operation of grid-connected

systems [74], [75], and economical operation of isolated systems [76], [77].

Further, the smart power converters are also widely used for implementing few energy

management and voltage control applications as discussed in following section.

1.3.2 Smart Power Converters

The smart power converters are the devices capable of operating in grid-forming and

grid-following modes [78]. In grid following mode, the power converters act as ac

current sources providing active/reactive powers as per the given references. In grid

forming mode, power converters operate as ac voltage sources while maintaining the

terminal voltage and frequency as per given references [79]. A back-to-back converter

which can act as smart power converter is shown in Fig. 1.11. For example, the ac/dc

converter can be used to maintain the LV dc bus voltage and dc/ac converter can be used

to maintain the LV ac bus voltage/frequency as per the given references by operating

them in grid-forming mode.

ac
     dc

dc
     ac

dc bus ac bus

Fig. 1.11 Back-to-back converter which can be used as smart power converter .

Moreover, the dc/ac converters of PV and wind energy sources can also act as smart

power converters. In literature, the smart power converters are mainly used for voltage

control and energy demand reduction as discussed in following section.

Voltage Control

Voltage control is used to maintain the bus voltages of the system within the limits

specified by the grid code. Various methods such as active power curtailment (APC),

voltage regulation, and reactive power control are used for voltage control in distribu-

tion networks [80]. The APC leads to under-utilization of PV sources [81]. In [82], [83],
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reactive power control is done for voltage control. The on load tap changers (OLTCs)

are used for voltage regulation in distribution networks. However, their control action

is slow due to the presence of mechanical switches and movable parts. Moreover, they

cannot control the voltage continuously due to fixed number of taps. These OLTC trans-

formers are typically used to achieve limited voltage regulation capability at higher sub-

station voltage levels of 60/11 kV. In general, the conventional distribution transformers

used at the voltage level of 11/0.4 kV do not have any voltage regulation capability for

maintaining bus voltages within acceptable limits [84].

The smart power converters operating in grid following mode can be used for voltage

control. In [85], different scenarios are considered to show the impact of PV inverters on

voltage control in distribution network. The PV inverters are operated in grid following

mode to control their active and reactive power references optimally as per the chosen

objectives. The optimization problems are solved using gradient projection algorithm.

The case of no voltage control is considered as Scenario 1. In Scenario 2, the PV

inverters are optimally dispatched to regulate all the load bus voltages within the limits

specified by grid code which are chosen as 0.95 p.u. and 1.05 p.u. [86]. In Scenario

3, the PV inverters are optimally dispatched to regulate all the load bus voltages within

0.97 p.u. and 1.03 p.u. for tight voltage regulation. In Scenario 4, the PV inverters

are optimally dispatched for conservation voltage reduction (CVR) for energy savings

purpose.

4
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Fig. 1.12 (a) Active powers of PV inverters. (b) Reactive powers of PV inverters .

The optimal energy dispatch of PV inverters over a day is shown in Fig. 1.12. The Fig.

1.12(a) indicates that the active power is less in Scenario 4 as compared to other scenar-

ios. This is because for the application of CVR, the reactive power supply is increased

and maintained at higher possible value as shown in Fig. 1.12(b). The resulting load

bus voltages are shown in 1.13.
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The Fig. 1.13(a) indicates that for Scenario 1, there are voltage rise violations. For

Scenario 2, the voltages are maintained within the limits. However, they are not close

to 1 p.u. as they are regulated within 1.05 p.u. and 0.95 p.u. which are shown in Fig.

1.13(b). In Scenario 3, the voltages are maintained within the limits and they are not

close to 1 p.u. due to tight voltage regulation as shown in Fig. 1.13(c). In Scenario 4,

the voltages are maintained within the limits and towards the lower limit due to CVR

application as shown in Fig. 1.13(d).
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Fig. 1.13 Maximum, minimum, and median load bus voltages .

Moreover, the smart power converters operating in grid forming mode can be used for

voltage control. In [87] full output voltage range based and set points based voltage con-

trol methods are studied. In a full output range based voltage control, the output voltage

is infinitely adjustable within its range whereas in set points based voltage control the

output voltage is chosen from the predefined set points. Therefore, set points based

voltage control schemes are simple and has certain financial advantages as compared to

full voltage range control methods. The set points based voltage control methods such

as switching between two set points based on end-of-line voltage as well as switching

between two set points based on current (SBTSPBOC) are discussed. Among all the

methods discussed, the SBTSPBOC is shown as a practically feasible and better method

of voltage control. In SBTSPBOC, the direct-axis transformer current is used to decide

the set points of voltage. However, if the direct-axis transformer current is flowing in
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one direction, it can not be said that the current at all other buses is also flowing in the

same direction. In those cases, voltage control based on current does not work.

Along with the voltage control application, the smart power converters are also used for

energy demand reduction in LV distribution systems as discussed in following section.

Energy Demand Reduction

The LV ac bus power depends on the power loss in the distribution lines as well as on

load demand. The use of smart power converters for minimizing the power demand

through the minimization of power loss and load demand is discussed in literature.

The use of distribution static synchronous compensator (DSTATCOM) with an optimal

location for minimizing power losses in distribution system is presented in [88]. The use

of unified power quality conditioner (UPQC) and its optimal location for minimizing

the power loss in distribution systems is studied in [89]. The reactive power control

is possible with grid following mode using the renewable energy converters. In [82],

reactive power control strategies for minimizing the losses in a wind farm system are

presented. In [83], the reactive power control through PV inverters is employed to

minimize the power losses while improving the voltage profile of distribution system.

In [90], [91], the impact of voltage and reactive power control on reducing the power

loss of the system is presented. In [92], [93], smart power converters are operated in grid

forming mode to reduce the load demand through LV ac terminal voltage magnitude

control. In [94], the impact of voltage and reactive power control using smart power

converters is presented for reducing the power requirement of the system. literature

works based on energy management applications and control devices are tabulated in

Table 1.4.

The implementation of the above discussed energy management and voltage control ap-

plications using BESSs and smart power converters by different approaches is discussed

in following section.

20

TH-2971_176102004



Table 1.4 Literature Works Based on Different Applications and Control Devices

Work Control devices Application

[21], [32]–[34] BESS Power balance

[35]–[39], [44]–[50] BESS Peak shaving

[58]–[61], [65]–[67] BESS DR

[72], [73] BESS Increasing self-consumption
[74], [75],
[95]–[100]

BESS
Economical operation of
grid-connected systems

[16], [76], [77], [101]–[103] BESS
Economical operation of

isolated systems

[81]–[83], [85], [87] Smart power converters Voltage control

[88]–[94] Smart power converters Energy demand reduction

1.4 APPROACHES OF ENERGY MANAGEMENT AND VOLT-

AGE CONTROL

The energy management and voltage control approaches such as DP, meta-heuristic,

and rule-based approaches which are used for different applications in literature are

discussed in this section.

1.4.1 Dynamic Programming Approaches

In DP approaches, a multistage problem is decomposed into a sequence of interrelated

one-stage problems [104]. In [74], the PV storage system is considered and charge and

discharge powers of the battery are scheduled using DP such that energy consumption

cost is minimized. In [75], a DP approach is proposed for minimizing the operating cost

of a hybrid system consisting of RESs, storage, and DG. In [95], the battery schedules

are decided based on DP to maximize the benefits associated with the RESs energy and

minimize the energy consumption cost. In [105], several residential systems consisting

of PV source and energy storage are considered. An energy management system is

proposed to improve the energy efficiency of the residential distribution network using

adaptive DP approach. In [106], the DP is used for optimizing power split between the

battery and SC.

Along with DP approaches, the meta-heuristic approaches are used for several energy
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management and voltage control applications as discussed in following section.

1.4.2 Meta-heuristic Approaches

The heuristic approaches are the combination of rules that are useful for obtaining a

solution which may or may not be the global optimal solution [107]. To avoid this

possibility of obtaining non global optimal solutions meta-heuristic approaches are in-

troduced. Meta-heuristic approaches are the combination of search methods which try

to avoid local optimums and find the near global optimal solutions [108]. Heuristic

approaches are problem dependent whereas meta-heuristic approaches are problem in-

dependent. Meta-heuristic approaches are global optimizers and very flexible. They

use intelligence of biological evolution, artificial intelligence, etc. in order to obtain the

solutions close to the global optimum [109]. In [96], particle swarm optimization (PSO)

based energy management method is presented to minimize the operation, emission and

reliability cost of the system while optimally controlling the DG and the battery pow-

ers. In [97], a system consisting of DERs such as RESs and energy storage devices is

considered to implement the incentive based DR. The PSO is used to solve the multi ob-

jective optimization problem for minimizing the operating cost and emission cost of the

system. The PSO algorithm was applied in [110] to a grid-connected MG consisting of

wind power, storage device, hydro power and with the application of DR for changing

load profile. In [111], an MG consisting of RESs, fuel cell, micro turbine and energy

storage devices is considered. The PSO based energy management strategy is presented

for minimizing the total energy and operating cost of the MG. The uncertainties of RESs

and market prices are considered.

In [98], a smart energy management system is proposed. The genetic algorithm (GA) is

used to optimally control the energy storage powers to minimize the operating cost of

the system. In [99], the energy storage management is done to minimize the line losses,

annual cost and emissions of the system using GA. In [112], an MG consisting of RESs,

fuel cell and energy storage is considered and the net present worth is maximized using

GA. In [113], the power generation cost is minimized and the useful life of energy

storage is maximized using GA.

Further, the rule-based approaches are also used in literature for implementing different
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energy management and voltage control applications as discussed in following section.

1.4.3 Rule-based Approaches

The rule-based algorithms attempt to execute instructions from a starting set of data

(control inputs) and if-then statement rules [114]. These approaches are widely used in

industry due to their simplicity and ease of application in real-time [115]. Moreover,

the rule-based approach is the suggested approach by IEEE Std 2030.7 for microgrid

control purpose due to their advantages like easy implementation, easy maintenance,

clear meaning of the chosen rules, and low cost [116]–[118]. An example of rule-based

control approach with its inputs and output is shown in Fig. 1.14. As per that, the

required output is determined using the control inputs and rules of control algorithm

for given base inputs (e.g. load, RES power, and energy price). The control inputs and

rules are obtained using various methods i.e., heuristics, human expertise, mathematical

models, forecasts knowledge, etc [119]. In general, the operating points of controllable

components (e.g. active/reactive power references and voltage/frequency references for

smart power converters) are chosen as output. The control inputs are specific to the

particular application of rule-based control such as demand limit for peak shaving and

maximum/minimum voltage limit for voltage control.

Base inputs   Control inputs
    and rules of 
control algorithm

Output
(e.g. Load, RES power,
     and energy price)

(e.g. Active/reactive power 
reference of smart power
converter)

Fig. 1.14 Rule-based control approach with its inputs and output.

In literature, rule-based control strategies are used for several energy management ap-

plications. In [100], a smart residential energy system consisting of a fuel cell and a

battery as an energy storage system is considered. A rule-based approach is proposed

for optimal operation of battery to reduce the cost of the system. The ToU energy price

and the battery efficiency are used to decide the charge/discharge modes of battery. The

battery powers are decided based on residual energies at each time and battery capacity.

In [120], a day-ahead rule-based scheduling method of micro storage system is pro-

posed for economic benefits. The spot market energy prices are used as base inputs.
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The minimum/maximum cutoffs of spot market energy prices and SoC of battery are

used as control inputs to decide the battery power. A rule-based energy management

approach is proposed in [121] to improve the fuel economy of hybrid vehicles. Based

on the SoC and power limits, the output state of the system is decided. In [122], a

rule-based control of BESS is used for smooth dispatch of RESs. The RESs power is

considered as the base input. The SoC and power limits of battery are considered as

control inputs. In [123], a rule-based control algorithm for efficient management of

RESs power with energy storage is developed for minimizing energy costs. The ToU

energy price, PV power, and load power are used as base inputs. The battery’s remain-

ing energy, available PV energy, and energy consumption over the next 24 hours are

used as control inputs to decide the charge/discharge power. In [124], a rule-based MG

scheduling algorithm is proposed in an isolated hybrid MG to reduce fuel consumption

of DG. The net load is used as base input. The SoC constraints and DG power rating

are used as control inputs to decide the battery schedules. A DR control strategy for the

economic planning of MG is presented in [125] using fuzzy logic rules considering the

time of operation, comfort level, temperature deviation, and connected loads as base

inputs.

Further, in [126], a rule-based peak shaving control is proposed using energy storage.

However, the feed-in limit and flexible day-to-day management of the battery are not

considered. In [127], the rule-based voltage control and rule-based peak shaving control

are proposed using BESS in presence of high penetration of PV energy. However, it is

not optimized. In [128], a rule-based energy management approach is proposed for

mitigating the impacts of PV sources such as voltage rise and reverse power flow issues

in LV distribution systems using energy storage. However, it is not optimized.

The rule-based control is compared with DP while minimizing the operating cost of the

hybrid MG in [75]. In [106], the rule-based control is compared with DP while optimiz-

ing power split between the battery and SC. Further, the rule-based approaches for DR

are considered and compared with the optimization approaches in [129] and [130]. It is

shown that even though rule-based approaches are simple, they do not provide optimal

results. This is a limitation of rule-based approaches. However, to avoid this limita-

tion it is possible to optimize the rule-based control approaches with proper selection

of control inputs. To show this, a DP optimization based rule development strategy is

proposed in [115] for improving the fuel economy of plug-in hybrid electric vehicles
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(PHEVs). In [131], the control parameters used in rule-based control are optimized

using GA for improving the fuel economy of PHEVs. In [132], an energy management

method is proposed using rule-based approach coupled with PSO for improving the

BESS life and reduce its stress. In [133], an optimal rule-based energy management

approach is proposed for capacity planning of an isolated system consisting of RESs,

energy storage, and DG.

The above discussed literature works based on energy management approaches and

energy management applications are tabulated in Table 1.5.

Table 1.5 Literature Works Based on Different Approaches and Applications

Work
Energy management

approach
Energy management

application

[74], [75], [95] DP Economical operation of systems

[105] DP
Minimizing the energy demand

and voltage control

[97], [110] Meta-heuristic DR

[96], [98], [99], [111]–[113] Meta-heuristic Economical operation of systems

[75], [100], [120], [123], [124] Rule-based Economic operation of the systems

[126], [127] Rule-based Peak shaving

[127], [128] Rule-based Voltage control

[125], [129], [130] Rule-based DR

[115], [121], [131] Rule-based Improving fuel economy of HVs

[132] Rule-based Improving the life time of BESS

[133] Rule-based Capacity planning of isolated systems

Based on these literature works of different applications, control devices, and approaches,

the identified research gaps and objectives of the thesis work are discussed in following

sections.

1.5 RESEARCH GAPS/MOTIVATIONS

The research gaps identified in the literature works which are the motivations behind

this thesis work are given as follows.

1. The peak shaving application provides several benefits to both grid operators and

end-users. For grid operators, peak shaving is used to maintain balance between
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the generation and demand, resulting in improved load factor and economical op-

eration of generation. It also provides improved system efficiency and power reli-

ability of the grid [134]. Similarly, peak shaving is helpful in reducing consumer’s

energy consumption cost by shifting peak demand from a high price period to a

low price period [135]. Moreover, it offers improved power quality and reliabil-

ity for end-users. Further, the voltage drop issues in the distribution network are

mainly due to the peak demand, and voltage rise issues are due to peak feed-in

powers. Therefore, limiting both peak demand and feed-in powers improves the

voltage profile in the distribution network. The peak shaving methods considering

both demand and feed-in limits together for minimizing the peak grid power over

a day are not developed in the existing literature. Further, most of the literature

works have proposed peak shaving methods considering fixed limits which are

not optimal and flexible day-to-day management of the battery is not considered.

Moreover, there are no literature works which have implemented peak shaving

application through optimal rule-based approaches considering both demand and

feed-in limits with flexible day-to-day management of battery.

2. Even though peak shaving has several benefits, it may not be useful for minimiz-

ing the energy consumption cost when time varying energy price profile is applied

for energy consumption of the system. In this scenario, DR is an important en-

ergy management application which is used to reduce the energy consumption

cost while utilizing the time varying energy price profile [136]. The DR methods

considering both energy buying and selling price profiles together for minimizing

the grid energy consumption cost over a day are not investigated in the exist-

ing literature. Moreover, there are no literature works which have implemented

DR application through optimal rule-based approaches considering both energy

buying and selling price limits with flexible day-to-day management of battery.

3. Along with peak shaving and DR, voltage control is another important applica-

tion which is useful for maintaining the distribution system bus voltages within

the limits of grid code [137]. High penetration of variable RESs and peak load

demand conditions in the distribution systems cause voltage rise and voltage drop

issues, respectively in the distribution systems. In this scenario, sensitive equip-

ments do not work satisfactorily if the load bus voltages are not maintained within

the specified limits of grid code. Therefore, voltage control is useful for satis-
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factory operation of consumer equipment as well as for increasing RESs pen-

etration and loading levels in the distribution grid [138]. The set points based

voltage control method considering the maximum and minimum load bus volt-

ages for minimizing the voltage deviation of the distribution system over a day

is not presented in the existing literature. Moreover, there are no literature works

which have implemented voltage control application through optimal rule-based

approaches considering both maximum and minimum load bus voltages.

4. Further, in case of DG supplied islanded MGs, the reduction of fuel consumption

of DG is an important energy management application. The fuel consumption

of DG not only depends on the power drawn from DG but also on the rating of

DG. In this scenario, the DG rating can be reduced by the peak shaving applica-

tion. However, the impact of peak shaving on isolated DG supplied distribution

systems is not discussed in the existing literature.

1.6 OBJECTIVES

Based on the literature and motivations, the objectives of the thesis work are given as

follows:

1. To propose an optimal rule-based peak shaving method considering demand and

feed-in limits together for minimizing the peak grid power over a day in a grid-

connected PV-BESS system.

2. To propose an optimal rule-based DR method considering energy buying and

selling price profiles for minimizing the energy consumption cost over a day in a

grid-connected PV-BESS system.

3. To propose an optimal rule-based voltage control method considering the maxi-

mum and minimum load bus voltages for minimizing the voltage deviation over

a day in a grid-connected PV-rich distribution system.

4. To modify the proposed optimal rule-based peak shaving method for minimizing

the peak DG power over a day in an isolated DG-BESS-Wind-PV distribution

system.
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5. To test and validate the proposed optimal rule-based energy management methods

and demonstrate their impact on various performance indicators of the system.

1.7 ORGANIZATION OF THE THESIS

The organization of the thesis is given as follows.

In Chapter 1, the role of energy management in modern power distribution systems

is discussed. The importance of use of energy storage devices and smart power con-

verters for different energy management applications is explained. The various energy

management approaches used in literature are revealed. Further, the motivations and

objectives of the thesis are presented.

In Chapter 2, the proposed optimal rule-based peak shaving method is discussed.

Firstly the considered system is described. Then, operating modes of the battery, method

of determination of control inputs for rule-based method and rules of the peak shaving

control are explained. The determination method of optimal control inputs for the pro-

posed control is presented. Further, the results and conclusions are revealed.

In Chapter 3 the proposed optimal rule-based DR method is discussed. Firstly the

considered system is described. Then, operating modes of the battery, method of deter-

mination of control inputs for rule-based DR and rules of the DR control are explained.

The determination method of optimal control inputs for the proposed control is pre-

sented. Further, the results and conclusions are revealed.

In Chapter 4 the proposed optimal rule-based voltage control method is discussed.

Firstly the considered system is described. Then, method of determination of control

inputs for rule-based method and rules of the voltage control are explained. The de-

termination method of optimal control inputs for the proposed control is presented.

Further, the results and conclusions are revealed.

In Chapter 5 the modified peak shaving control for application in a DG supplied LV

ac distribution system is discussed. Firstly the considered system is described. Then,

overview of the proposed peak shaving control is presented. Accordingly, the process of

minimizing the LV ac bus power, the modified rule-based peak shaving method, and the
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determination of optimal control inputs for the proposed control are presented. Further,

the results and conclusions are revealed.

In Chapter 6, the summary of the thesis work and the scope of the future work are

presented.
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CHAPTER 2

OPTIMAL RULE-BASED PEAK SHAVING WITH

DEMAND AND FEED-IN LIMITS USING BATTERY

ENERGY STORAGE SYSTEM

In Chapter 1, the importance of peak shaving in modern power distribution systems and

the use of BESSs for peak shaving application are discussed. For grid operators, peak

shaving is used to maintain the balance between the generation and demand, result-

ing in improved load factor and economical operation of generation. It also provides

improved system efficiency and power reliability of the grid [134]. Similarly, peak

shaving is helpful in reducing consumer’s energy consumption cost by shifting peak

demand from a high price period to a low price period [135]. Moreover, it offers im-

proved power quality and reliability for end-users. It is possible to reduce the peak

powers by discharging the energy storage during peak power hours. The peak shaving

methods using power limits is widely used in industry due to its simplicity [37]. In

the existing literature, the peak shaving methods are proposed mainly considering the

demand limit.

Further, the voltage drop issues in the distribution network are due to the peak demand,

and voltage rise issues are due to peak feed-in powers. The importance of feed-in limit

for voltage control in distribution systems is presented in literature [53]. Moreover,

limiting peak powers leads to the reduction of energy losses in the system. Therefore,

it is important to limit both peak demand and feed-in powers for a better voltage profile

and increased energy efficiency of the distribution system. The peak shaving method

considering both demand and feed-in limits together for minimizing the peak grid power

over a day is not developed in the existing literature. To fill this research gap, an optimal

rule-based peak shaving method is proposed in this work considering both demand and

feed-in limits in a grid-connected PV-BESS system.

Various approaches are used in literature to control the charge/discharge schedules of

the battery such as GA, DP, rule-based algorithms, etc [124], [139], [140]. Out of
TH-2971_176102004



these, the rule-based methods are simple to implement and develop as compared to other

methods. The rule-based approaches are compared with the optimization approaches in

[129] and [130]. It is shown that rule-based approaches do not provide optimality even

though they are simple. However, to avoid that limitation in the proposed method, the

inputs required for proposed rule-based peak shaving method are determined optimally

using GA. Therefore, in this chapter, an optimal rule-based peak shaving method is

proposed. In summary, the contributions of this chapter are as follows:

1. A rule-based peak shaving method is proposed for peak shaving application which

determines the charge and discharge schedules of the battery for limiting the grid

demand and feed-in powers to the corresponding demand and feed-in limits of

the day with the flexible day-to-day management of the battery.

2. The proposed rule-based peak shaving method is optimized by determining the

optimal control inputs using GA which minimize the peak grid power of the day.

The remainder of the chapter is organized as follows: The chosen system is described

in Section 2.1. Then, the overview of the proposed control is presented in Section 2.2.

Later, the determination of operating modes of the battery and control inputs of the rule-

based peak shaving method is discussed in Section 2.3. Further, the determination of

battery schedules and optimal control inputs is explained in Section 2.4 and 2.5, respec-

tively. The results and conclusions are presented in Section 2.6 and 2.7, respectively.

2.1 SYSTEM DESCRIPTION

A grid-connected system consisting of PV, BESS, and ac load is considered as shown

in Fig. 2.1 [44]. The power balance equation at the point of common coupling (PCC),

neglecting losses, is given as

Pg(t)+Ppv(t)+Pb(t) = Pl(t). (2.1)

A discrete time model is assumed. The ’t’ represents the time interval [(t−1)×Tc, t×

Tc], where Tc is each time slot duration i.e., Tc = 1 hour. It means that all the defined

powers are the average powers during the each hour of the day. The various components

of the system are described as follows:
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PV source Battery

ac

Grid

PbPpv

Pg

Interfacing 
converter

Load
Pl

dc dc

ac bus

dc bus

PCC

1.6 kW 120V, 100 Ah

4 kW
dc

dcdc

Load

Power flow direction

Fig. 2.1 Grid-connected PV-BESS system .

1. Load: The load is connected at the ac bus of the system. Two types of load power

profiles, i.e., summer and winter profiles, are considered. Peak load occurs during

20:00 and 23:00 hours for summer with a peak load of 4 kW, whereas it occurs

during 09:00 and 12:00 hours for winter with a peak load of 3.88 kW [141].

2. Interfacing converter: The ac and dc buses are connected by a bidirectional con-

verter known as interfacing converter. The interfacing converter acts as a rectifier

and inverter while transferring power from ac bus to dc bus and dc bus to ac bus,

respectively. The interfacing converter controls the power balance and maintains

constant dc-link voltage.

3. Photovoltaic system: The PV source is connected at the dc bus of the system

through a dc-dc converter. This dc-dc converter helps the PV source to operate

at maximum power point. It means that the dc-dc converter of the PV source

operates in grid following mode and provides maximum power using MPPT al-

gorithms. An installed PV power rating of 1.6 kW is considered.

4. Battery energy storage system: The battery is connected to the dc bus of the

system through a dc-dc converter. This dc-dc converter is used to provide the re-

quired charge/discharge schedules of the battery. It means that the dc-dc converter

of battery operates in grid following mode and provides required charge/discharge

powers. A battery with a rating of 120 V, 100 Ah is chosen.

Now, the overview of the proposed peak shaving method in the chosen grid-connected

PV-BESS system is discussed in following section.
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2.2 OVERVIEW OF THE PROPOSED PEAK SHAVING METHOD

The overview of the proposed control is shown in Fig. 2.2. It includes various steps to

realize the minimization of peak grid power which are discussed as follows:

1. The first step is the day-ahead forecasting of load and RES powers. The day-

ahead forecasts of load and RES powers are required to determine the operat-

ing modes and control inputs of the rule-based peak shaving method. In re-

cent years, several studies have been conducted for forecasting load and RESs

power [142]. Data driven approaches for forecasting the RES and load power

values have gained popularity due to the increased availability of monitoring

data [143]. This monitoring data mainly includes weather forecast and historical

energy usage data. Therefore, using the data driven approaches such as statistical

and machine learning methods, the required day-ahead load and RESs power can

be forecasted [144].

2. The second step is the determination of the operating modes of the battery and

control inputs for rule-based peak shaving method. The operating modes of the

battery and control inputs for rule-based peak shaving are determined using the

load and PV power forecast curves of the day. The operating modes of the battery

are chosen such that peak grid power is limited to the demand limit. The demand

limit is defined as the load demand above which the grid is not used to supply the

power to the system.

The control inputs for rule-based peak shaving method are determined such that

they depend on a control variable known as the dischargeable energy of the bat-

tery. The dischargeable energy of the battery is defined as the amount of energy

that can be discharged from the battery over the forecast horizon without violat-

ing its power and SoC constraints. In this scenario, there exists a dischargeable

energy of the battery which results in minimum peak power over a day. It means

that the control inputs of rule-based peak shaving method are same for the whole

day corresponding to the dischargeable energy of the battery of that particular

day. This indicates that the control inputs have to be determined only once per

day.
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3. The third step is the determination of the battery schedules using the rules of peak

shaving method. The rules of the peak shaving method are formulated based on

the control inputs which are obtained in Step 2 to decide the charge/discharge

schedules of the battery over a day.

4. The fourth step is the determination of the optimal control inputs. The optimiza-

tion problem is formulated to minimize the peak grid power while controlling

the dischargeable energy of the battery. The control inputs corresponding to the

optimal dischargeable energy of the battery are considered as the optimal control

inputs of the day.

In this work, it is assumed that the forecasts required as per Step 1 are available and

the entire analysis carried out based on these day-ahead forecasts. The steps 2-4 of the

proposed method are discussed in detail in following sections.
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2.3 DETERMINATION OF OPERATING MODES OF THE BAT-

TERY AND CONTROL INPUTS

The method of determination of operating modes of the battery and control inputs for

rule-based peak shaving method are discussed in this section.

2.3.1 Operating Modes of the Battery

With the considered battery along with the PV source, it is possible to limit Pg(t) to Pdl .

The operating modes of the battery for typical load demand and PV power profiles, are

indicated in Fig. 2.3. There are three operating modes to limit Pg(t) to Pdl using the

battery in presence of the PV source. These are defined as follows:

x-Discharging mode, o-Charging mode 1,+-Charging mode 2

demand limit

4 8 12 16 20 24
time (h)

Load demand (kW) PV power (kW)

0

P
ow

er
 (

kW
)

0

2

4

Fig. 2.3 Operating modes of the battery

1. Discharging mode: The discharging mode is during the time td , when the load

demand is more than demand limit and the PV source is unable to supply the re-

quired power i.e., Pl(t)> Pdl&&Ppv(t)≤ Pl(t)−Pdl . The symbol ’&&’ indicates

logical AND operator.

2. Charging mode 1: The charging mode 1 is during the time tc1, when the load

demand is less than demand limit i.e., Pl(t)≤ Pdl .

3. Charging mode 2: The charging mode 2 is during the time tc2, when the load de-

mand is more than demand limit and the PV source is able to supply the required

power i.e., Pl(t)> Pdl&&Ppv(t)> Pl(t)−Pdl .
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Now, the determination of control inputs for rule-based peak shaving method is ex-

plained as follows:

2.3.2 Control Inputs

The required inputs for the proposed rule-based peak shaving method are demand limit,

required energy for charging the battery over a day, available PV energy to charge the

battery over a day, available grid energy to charge the battery over a day, coefficient

of grid energy to charge the battery, and feed-in limit. The sequential process of de-

termination of these control inputs is given in flow chart of Fig. 2.4. Firstly, demand

limit, Required energy for charging the battery over a day and available PV energy to

charge the battery over a day are determined. Then, available grid energy to charge the

battery over a day and coefficient of grid energy to charge the battery are determined if

available PV energy to charge the battery is less than the required energy for charging

the battery over a day. The feed-in limit is determined if available PV energy to charge

the battery is more than the required energy for charging the battery over a day. The

method of determination of these inputs is discussed as follows:

Demand limit

The demand limit is determined such that the energy to be discharged by battery over

a day is equal to dischargeable energy of the battery over a day. The dischargeable

energy of the battery over a day is chosen between 0 kWh and energy rating of battery

(including both 0 kWh and Eb−r) i.e.,

0≤ E∗b−d ≤ Eb−r. (2.2)

Therefore,

Eb−d = E∗b−d. (2.3)

∑(Pb−d(t)×Tc)−E∗b−d = 0,∀t ∈ td. (2.4)
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Start

Determine demand limit.

Determine required energy for charging 
battery over a day (Eb-c )

Determine available PV energy to charge 
battery over a day (Epv-c )

Epv-c < Eb-c

Determine available grid energy to charge 
charge battery over a day (Eg-c )

No

Determine feed-in limit
Yes

Determine coefficient of grid energy (Cg)

Fig. 2.4 The sequential process of determination of control inputs.

To limit grid power to demand limit, the required amount of power i.e., the difference

between the demand and demand limit (Pd(t)−Pdl), is supplied either by the PV source

or the battery to load when demand is more than the demand limit. However, the battery

provides the amount of power which couldn’t be supplied by the PV source. Therefore,

Pb−d(t) = (Pd(t)−Pdl)−Ppv(t),∀t ∈ td

= 0, otherwise.
(2.5)

Substituting (2.5) in (2.4) gives,

∑(((Pd(t)−Pdl)−Ppv(t))×Tc)−E∗b−d = 0,∀t ∈ td. (2.6)

Equation (2.6) is in form of f (Pdl) = 0, where

f (Pdl) = ∑(((Pd(t)−Pdl)−Ppv(t))×Tc)−E∗b−d,∀t ∈ td. (2.7)

In (2.7), demand limit is an independent variable. To solve for demand limit, root-

finding algorithm of regula falsi method is used [145]. The regula falsi method is a

combination of secant method and bisection search theorem. The regula falsi method

is faster than bisection method, and root convergence is guaranteed. The applied regula

falsi method to determine demand limit is shown as a flowchart in Fig. 2.5.
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End
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Determine Pdl1 ,Pdl2 such that f(Pdl1) is  
positive and f(Pdl2 ) is negative 
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f(Pdl0 ) > 0
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f(Pdl2 )-f(Pdl1

(Pdl2 -Pdl1
m =

1
m

Start

(0-f(Pdl1))+Pdl1Pdl0 =

Yes

)
)

Fig. 2.5 Determination of demand limit using regula falsi method.

According to regula falsi method two initial demand limits (Pdl1, Pdl2) are chosen such

that f (Pdl1) is positive and f (Pdl2) is negative. Then, Pdl0 is determined as follows:

Pdl0 =
1
m
(0− f (Pdl1))+Pdl1, where

m =
f (Pdl2)− f (Pdl1)

(Pdl2−Pdl1)
.

(2.8)

Using (2.7), f (Pdl0) is determined. When | f (Pdl0)| < e, Pdl0 is considered as demand

limit. When | f (Pdl0| > e, either Pdl1 is replaced by Pdl0 (if f (Pdl0) > 0) or Pdl2 is

replaced by Pdl0 (if f (Pdl0)< 0). Then, the above process is continued till Pdl0 becomes

demand limit.

Required energy for charging the battery over a day

For flexible day-to-day management the battery has to be charged with same energy that

is to be discharged by the battery. This condition maintains the SoC at the end of the

day same as that of SoC of start of the day. Therefore, required energy for charging the

battery is equal to energy to be discharged by the battery over a day as given follows.

Eb−c = Eb−d = E∗b−d. (2.9)
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Available PV energy to charge the battery over a day

From (5.22), the battery is to be charged by the amount of energy Eb−c, either by the PV

source or grid. Firstly, available PV energy to charge the battery over a day (without

injecting into grid) is calculated. If it is not sufficient, then available grid energy to

charge the battery is determined. During charging mode 1, the complete PV power

is available for charging battery. During charging mode 2, the PV power which is in

excess of the difference between demand and demand limit is available for charging

battery. Accordingly, the available PV power for charging battery is given as

Ppv−c = Ppv(t),∀t ∈ tc1

= Ppv(t)− (Pd(t)−Pdl),∀t ∈ tc2

= 0, otherwise.

(2.10)

Then, available PV energy for charging the battery over a day is the sum of available

PV powers to charge the battery as given in (2.11).

Epv−c =
T

∑
t=1

Ppv−c(t)×Tc. (2.11)

Available grid energy to charge the battery over a day

When available PV energy to charge the battery is less than the required energy for

charging the battery over a day, it means that available PV energy is not sufficient to

charge the battery with the required amount of energy. Then, deficit amount of energy is

drawn from grid provided that its demand is not more than the demand limit. It means

that grid is not used to charge the battery during charging mode 2. During charging

mode 1, the available power from grid to charge the battery (Pg−c(t)) for limiting grid

power to demand limit is Pdl−Pd(t) i.e.,

Pg−c(t) = Pdl−Pd(t),∀t ∈ tc1

= 0, otherwise.
(2.12)
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Then, available grid energy for charging the battery over a day is the sum of available

grid powers for charging the battery as given in (2.13),

Eg−c =
T

∑
t=1

Pg−c(t)×Tc. (2.13)

Coefficient of grid energy to charge the battery

When available PV energy to charge the battery is less than the required energy for

charging the battery over a day, the deficit amount of energy for completely charging

the battery i.e., Eb−c−Epv−c has to be supplied by grid. However, only a fraction of

grid energy is required to charge the battery while utilizing the total available PV energy

for charging the battery. In this case if CgEg−c is considered as the required grid energy

to charge the battery, it is equal to the deficit amount of energy for completely charging

the battery as given in (2.14),

CgEg−c = Eb−c−Epv−c

Cg =
Eb−c−Epv−c

Eg−c
.

(2.14)

Feed-in limit

When available PV energy to charge the battery is more than the required energy for

charging the battery over a day, the complete available PV energy is not required to

charge the battery with the required amount of energy. Therefore, a limit of PV power

feed-in limit is determined such that the PV source is not used to charge the battery

when available PV power to charge battery is less than the feed-in limit. It means that

the battery is completely charged with the difference of available PV power to charge

battery and feed-in limit when available PV power to charge battery is more than the

feed-in limit i.e.,

∑(Ppv−c(t)−Pf il)×Tc = Eb−c,∀t ∈ tc&&tpvm f . (2.15)
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In (2.15), tpvm f is the time when Ppv−c(t) > Pf il . Moreover, Ppv−c(t) = Ppv(t) when

tc = tc1 and Ppv−c(t) = Ppv(t)− (Pd(t)−Pdl) when tc = tc2.

∑(Ppv−c(t)−Pf il)×Tc−Eb−c = 0,∀t ∈ tc&&tpvm f . (2.16)

Equation (2.16) is in form of f (Pf il) = 0, where

f (Pf il) = ∑(Ppv−c(t)−Pf il)×Tc−Eb−c,∀t ∈ tc&&tpvm f . (2.17)

In (2.16), feed-in limit is an independent variable. Therefore, to solve for feed-in limit,

the root finding algorithm of regula falsi method is used. The determination of feed-in

limit using regula falsi method is similar to the determination of demand limit which is

shown as a flowchart in Fig. 2.6.

Firstly, two initial feed-in limits (Pf il1, Pf il2) are chosen such that f (Pf il1) is positive

and f (Pf il2) is negative. Then, Pf il0 is determined as follows:

Pf il0 =
1
m
(0− f (Pf il1))+Pf il1, where

m =
f (Pf il2)− f (Pf il1)

(Pf il2−Pf il1)
.

(2.18)

Using (2.17), f (Pf il0) is determined. When | f (Pf il0)| < e, Pf il0 is considered as feed-

in limit. When | f (Pf il0| > e, either Pf il1 is replaced by Pf il0 (if f (Pf il0) > 0) or Pf il2

is replaced by Pf il0 (if f (Pf il0) < 0). Then, the above process is continued till Pf il0

becomes feed-in limit.

Now, the determination of battery schedules using the rules of proposed peak shaving

method is explained in following section.

2.4 DETERMINATION OF THE BATTERY SCHEDULES US-

ING THE RULES OF PEAK SHAVING METHOD

Considering the above determined inputs, rules for peak shaving method are formulated

to know the charge/discharge schedules of the battery. The formulated rules during

discharging and charging modes are shown as a flowchart in Fig. 2.7 and explained as

follows:
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Determine Pfil1,Pfil2 such that f(Pfil1)  
       positive and f(Pfil2) is negative 

Determine f(Pfil0)

|f(Pfil0)| < e

f(Pfil0) > 0
Pfil1 = Pfil0Pfil2= Pfil0

Pfil = Pfil0

f(Pfil2)-f(Pfil1)
(Pfil2-Pfil1)

m =

1
m (0-f(Pfil1))+Pfil1Pfil0 =

Fig. 2.6 Determination of feed-in limit using regula falsi method.

2.4.1 Discharging Mode

The discharging mode of the battery is during the time when Pl(t) > Pdl&&Ppv(t) ≤

(Pl(t)−Pdl). In this mode, there is only one rule for deciding battery power as given

follows.

Rule 1: In this mode, Pl(t) > Pdl . Therefore, the battery is used to supply the load

power which is not supplied by the PV source. It means that the battery discharges by

the amount (Pl(t)−Pdl)−Ppv(t) as per (2.5) to limit the grid power to the demand limit.

2.4.2 Charging Mode 1

The charging mode 1 of the battery is during the time when Pl(t) ≤ Pdl . In this mode,

there are three rules which decide the battery power as given follows.

Rule 2: If Epv−c ≤ Eb−c, the PV source and grid are used to charge the battery by the

amount Ppv(t)+Cg(Pdl−Pl(t)) as per (2.10), (2.12) and (2.14).

Rule 3: If Epv−c > Eb−c&&Ppv(t)> Pf il , the PV source is used to charge the battery by

the amount Ppv(t)−Pf il as per (2.10) and (2.15).

Rule 4: If Epv−c >Eb−c&&Ppv(t)≤Pf il , the PV source is not used to charge the battery.
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Fig. 2.7 The proposed rule-based peak shaving method.

2.4.3 Charging Mode 2

The charging mode 2 of the battery is during the time when Pl(t) > Pdl&&Ppv(t) >

(Pl(t)−Pdl). In this mode, there are three rules which decide the battery power as given

follows.

Rule 5: If Epv−c ≤ Eb−c, the PV source is used to charge the battery by the amount

Ppv(t)− (Pl(t)−Pdl) as per (2.10).

Rule 6: If Epv−c > Eb−c&&(Ppv(t)− (Pl(t)−Pdl)) > Pf il , the PV source is used to

charge the battery by the amount (Ppv(t)− (Pl(t)−Pdl))−Pf il as per (2.10) and (2.15).

Rule 7: If Epv−c > Eb−c&&(Ppv(t)− (Pl(t)−Pdl))≤ Pf il , the PV source is not used to

charge the battery.

The SoC of the battery during discharging and charging modes is calculated using
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coulomb-counting method as follows [146]:

SoC(t) = 1−
∑

t
t0 ib×Tc

Ahb−r
. (2.19)

Now, the determination of optimal control inputs for optimizing the proposed rule-based

peak shaving method is discussed.

2.5 DETERMINATION OF OPTIMAL CONTROL INPUTS

The optimization problem formulation for determining the optimal control inputs and

its solution method are discussed in this section.

2.5.1 Optimization Problem Formulation

The considered objective function and constraints are given from (2.20)-(2.25), respec-

tively,

minimize f = maximum(Pg(t)). (2.20)

subjected to

1. Power balance constraint

Pg(t)+Ppv(t)+Pb(t) = Pl(t). (2.21)

2. Battery SoC Constraints

SoCl ≤ SoC(t)≤ SoCu,SoC f = SoCi. (2.22)

3. Battery charge/discharge power constraints

Pb−c(t)≤ Pb−cl,Pb−d(t)≤ Pb−dl. (2.23)

4. Battery energy capacity constraint

E∗b−d ≤ Eb−r. (2.24)

5. Constraint of available energy to charge the battery

Eg−c +Epv−c ≥ Eb−c. (2.25)
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Equation (2.21) gives the power balance constraint. Equation (2.22) indicates the con-

straints of SoC limits of the battery and the flexible day-to-day operation of the bat-

tery. The SoC of the battery is calculated using coulomb counting method [147], [148].

Equation (2.23) indicates the constraints of charge/discharge powers of the battery, re-

spectively. Equation (2.24) indicates that dischargeable energy of battery should be less

than the battery energy capacity. Equation (2.25) shows that the sum of available grid

and PV energies to charge the battery should be more than or equal to the required

energy for charging the battery.

2.5.2 Solving the Optimization Problem

The formulated problem is an off-line optimization problem with a non-linear fitness

function, which is solved using GA solver in MATLAB. Because GA is a popular

method for solving optimization problems with nonlinear fitness function [149]. The

GA is based on biological genetics where successive generations receive features from

their parents through crossover in a random manner [149]. It has been successfully

applied to solve real-life complex problems of various fields such as economics, engi-

neering and management [150]. It maintains the diversity in population to avoid the

solutions to stuck in local optima. In GA, it is important to choose parameters such as

population size, rate of mutation and crossover carefully to avoid the possible risk of

non-convergence. If they are chosen inappropriately it will be difficult for the algorithm

to converge or it will produce meaningless results [151]. The default values are cho-

sen for various parameters of GA, except for population size. The population size is

an important parameter to choose. Because if it is small, the convergence might not be

achieved. Therefore, population size is chosen based on the number of control variables.

There is only one control variable in this optimization problem i.e., the dischargeable

energy of the battery. Further, in GA it is possible for different runs to provide different

optimal values. Therefore, to avoid any sub-optimal solutions and guarantee global op-

timum solution the population size is tuned such that multiple simulation runs converge

precisely to the same value and chosen as 20.

The method of solving optimization problem using GA is shown as a flowchart in Fig.

2.8. According to that firstly population initialization is done. The individuals i.e.,

solutions which are currently involved in the search process are together known as pop-
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ulation. Then, fitness function is calculated. The death penalty method is used for han-

dling constraints. This is a simple method of handling the constraints [152]. The death

penalty is applied considering that the optimization constraints should not be violated.

Accordingly the unfeasible solutions from the population are discarded if any of the

constraint is violated. It means that the death penalty is chosen as given follows [153].

d p = in f , when there is any constraint violation

= 0, otherwise.
(2.26)

The calculation of fitness function is repeated through selection, crossover and muta-

tion till the stop criteria is reached. The selection process randomly selects the solutions

from population based on fitness function value. After the selection process, the popu-

lation consists of better solutions. Then, crossover is done to create new better solutions

from selected solutions. After crossover, the mutation is performed in order to avoid the

algorithm to be trapped in a local minimum and maintains diversity in the population.

The stop criteria of GA uses certain options to decide when to stop such as maximum

number of generations (iterations), function tolerance, etc. If any one of these options is

satisfied, the GA stops doing iterations and provides optimal set points as output. In this

chapter, the maximum number of iterations are chosen by default which is 100 times

the number of control variables. Once the stop criteria is reached the algorithm provides

the optimal dischargeable energy of the battery (E∗ob−d). Once the E∗ob−d is determined,

the inputs corresponding to E∗ob−d are considered as the optimal control inputs required

for the proposed rule-based control i.e., Po
dl , Eo

b−c, Eo
pv−c, Eo

g−c, Co
g , and Po

f il .

Now, the simulation results of the proposed optimal rule-based peak shaving method

are discussed in following section.

2.6 SIMULATION RESULTS

The proposed method is tested on the considered system in MATLAB on a 64-bit oper-

ating system PC with a processor of Intel(R) Core(TM) i5-6500 CPU @ 3.2 GHz. The

chosen system parameters are given in Table 2.1 [44], [154].

The rule-based methods discussed in literature [42], [100], [127], [128], [133] have
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Fig. 2.8 GA for determining optimal dischargeable energy of the battery.

Table 2.1 System Parameters

Parameter Value Parameter Value

Pl−p 4 kW SoCl/SoCu 0.2/0.9

Ppv−i 1.6 kW SoCi 0.5

Eb−r 12 kWh Pb−cl 3 kW

Ahb−r 100 Ah Pb−dl 3 kW

validated their algorithms for various possible scenarios as per their proposed method.

As per the proposed method in this chapter, there exists only two different scenarios

based on the available PV energy on a given day i.e., 1) The available PV energy over

a day is less than or equal to the required energy for charging the battery and 2) The

available PV energy over a day is more than the required energy for charging the battery.

Therefore, the proposed method is validated for following cases which include both the

possible scenarios.

Case 1: Winter load profile with more PV energy availability

Case 2: Winter load profile with less PV energy availability

Case 3: Summer load profile with more PV energy availability

Case 4: Summer load profile with less PV energy availability
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2.6.1 Case 1

In this case, load power profile of winter with more PV energy availability over a day

is considered.

Optimal control inputs of the day

The best fitness values are obtained for multiple runs of GA as shown in Fig. 2.9.

It shows that the minimum value for all the runs is equal to 1.72 kW which is the

optimal peak grid power. The optimal dischargeable energy of the battery is found to

be 5.46 kWh. The optimal control inputs i.e., optimal demand limit, energy required

for charging battery, available PV energy to charge battery, and feed-in limit (Po
dl , Eo

b−c,

Eo
pv−c and Po

f il) are 1.72 kW, 5.46 kWh, 5.69 kWh and 0.05 kW, respectively. The

available PV energy to charge the battery is more than the required energy for charging

the battery (Eo
pv−c > Eo

b−c). It means that there is no need of grid energy to charge

battery. Therefore, available grid energy to charge battery and coefficient of grid energy

to charge battery (Eo
g−c and Co

g) are not applicable (NA) in this case as given in Table

2.2.
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Fig. 2.9 Best fitness values obtained using GA for multiple simulation runs in Case 1.

Battery schedules and grid powers over the day

The load and PV power profiles of this case are shown in Fig. 2.10(a). For the deter-

mined Po
dl , the discharging mode is during t = 4, 5, 6, 7, 8, 9, 10, 11, 12, 19, 20, 21,
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Table 2.2 Optimal Control Inputs of Rule-based Peak Shaving Method

Input Parameter Case 1 Case 2 Case 3 Case 4

Po
dl (kW) 1.72 2.44 2.85 2.85

Eo
b−c (kWh) 5.46 6.53 4.79 5.48

Eo
pv−c (kWh) 5.69 0.02 12.19 0.066

Eo
g−c (kWh) NA 20.66 NA 28.067

Co
g NA 0.31 NA 0.19

Po
f il (kW) 0.05 NA 0.82 NA

22 hours, charging mode 1 is during t = 1, 2, 3, 14, 15, 16, 17, 18, 23, 24 hours and

charging mode 2 is during t = 13 hour. Resulting optimal charge/discharge schedules

of the battery for these modes are shown in Fig. 2.10(b). This indicates that the battery

power is maintained between the maximum charging and discharging power limits of

the battery (0 kW and 3 kW). It is observed that the battery is charged only by the PV

source. The SoC for these battery schedules is shown in Fig. 2.10(c). This indicates

that the SoC of the battery is maintained between the maximum and minimum SoC

limits of the battery (20% and 90%). Moreover, SoC f = SoCi = 50%, which is desired

for flexible day-to-day management of the battery. The resulting grid demand is shown

in Fig. 2.10(d). This indicates that grid demand is limited to Po
dl of 1.72 kW and there

is no feed-in power into the grid.

2.6.2 Case 2

In this case, load demand profile of winter with less PV energy availability over a day

is considered.

Optimal control inputs of the day

The optimal control inputs i.e., optimal demand limit, energy required for charging

battery, available PV energy to charge battery, available grid energy to charge battery,

and coefficient of grid energy to charge battery (Po
dl , Eo

b−c, Eo
pv−c, Eo

g−c, and Co
g) are

2.44 kW, 6.53 kWh, 0.02 kWh, 20.66 kWh and 0.31, respectively. The available PV

energy to charge the battery is less than the required energy for charging the battery

(Epv−c ≤ Eb−c). It means that the complete available PV energy is used to charge
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Fig. 2.10 Case 1. (a) Load and PV power profiles. (b) Charge/discharge schedules of
the battery. (c) SoC of the battery. (d) Grid power.

battery. Therefore, feed-in limit (Po
f il) is NA in this case as given in Table 2.2.

Battery schedules and grid powers over the day

The load and PV power profiles of this case are shown in Fig. 2.11(a). For the deter-

mined Po
dl , the discharging mode is during t = 7, 8, 9, 10, 11, 12 and 21 hours, charging

mode 1 is during t = 1, 2, 3, 4, 5, 6, 13, 14, 15, 16, 17, 18, 19, 20, 22, 23 and 24 hours.

There is no charging mode 2 in this case due to less availability of PV power over a day.

Resulting optimal charge/discharge schedules of the battery for these modes are shown

in Fig. 2.11(b). This indicates that the battery power is maintained between the maxi-

mum charging and discharging power limits of the battery. It is observed that the bat-

tery is charged by both the PV source and grid. The SoC for these battery schedules is

shown in Fig. 2.11(c). This indicates that the SoC of the battery is maintained between

the maximum and minimum SoC limits of the battery. Moreover, SoC f = SoCi = 50%,

which is desired for flexible day-to-day management of the battery. The resulting grid

demand is shown in Fig. 2.11(d). This indicates that grid demand is limited to Po
dl of

50

TH-2971_176102004



2.44 kW and there is no feed-in power into the grid.
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Fig. 2.11 Case 2. (a) Load and PV power profiles. (b) Charge/discharge schedules of
the battery. (c) SoC of the battery. (d) Grid power.

2.6.3 Case 3

In this case, load demand profile of summer with more PV energy availability over a

day is considered.

Optimal control inputs of the day

The determined optimal demand limit, energy required for charging battery, available

PV energy to charge battery, and feed-in limit (Po
dl , Eo

b−c, Eo
pv−c, and Po

f il) are 2.85 kW,

4.79 kWh, 12.19 kWh and 0.83 kW, respectively. The available PV energy to charge

the battery is more than the required energy for charging the battery (Eo
pv−c > Eo

b−c). It

means that there is no need of grid energy to charge battery. Therefore, available grid

energy to charge battery and coefficient of grid energy to charge battery (Eo
g−c and Co

g)

are NA in this case as given in Table 2.2.
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Battery schedules and grid powers over the day

The load and PV power profiles of this case are shown in Fig. 2.12(a). For the deter-

mined Po
dl , the discharging mode is during t = 19, 20, 21, 22, 23 and 24 hours, charging

mode 1 is during t = 1, 2, 3, 4, 5, 6, 7, 8, 11, 12, 13, 14, 15, 16, 17 and 18 hours, charg-

ing mode 2 is during t = 9 and 10 hours. Resulting optimal charge/discharge schedules

of the battery for these modes are shown in Fig. 2.12(b). This indicates that the bat-

tery power is maintained between the maximum charging and discharging power limits

of the battery. It is observed that only by the PV source is used to charge the battery.

The SoC for these battery schedules is shown in Fig. 2.12(c). This indicates that the

SoC of the battery is maintained between the maximum and minimum SoC limits of

the battery. Moreover, SoC f = SoCi = 50%, which is desired for flexible day-to-day

management of the battery. The resulting grid demand is shown in Fig. 2.12(d). This

indicates that grid demand is limited to Po
dl of 2.85 kW and the feed-in power is limited

to Po
f il of 0.8249 kW.
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Fig. 2.12 Case 3. (a) Load and PV power profiles. (b) Charge/discharge schedules of
the battery. (c) SoC of the battery. (d) Grid power.
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2.6.4 Case 4

In this case, load demand profile of summer with less PV energy availability is consid-

ered.

Optimal control inputs of the day

The determined optimal demand limit, energy required for charging battery, available

PV energy to charge battery, available grid energy to charge battery, and coefficient of

grid energy to charge battery (Po
dl , Eo

b−c, Eo
pv−c, Eo

g−c and Co
g) are 2.85 kW, 5.48 kWh,

0.066 kWh, 28.07 kWh and 0.19, respectively. The available PV energy to charge the

battery is less than the required energy for charging the battery (Epv−c≤Eb−c). It means

that the complete available PV energy is used to charge battery. Therefore, feed-in limit

(Po
f il) is NA in this case as given in Table 2.2.

Battery schedules and grid powers over the day

The load and PV power profiles of this case are shown in Fig. 2.13(a). For the de-

termined Po
dl , the discharging mode is during t = 9, 10, 19, 20, 21, 22, 23, 24 hours,

charging mode 1 is during t = 1, 2, 3, 4, 5, 6, 7, 8, 11, 12, 13, 14, 15, 16, 17, 18 hours.

There is no charging mode 2 in this case due to less availability of PV energy. Re-

sulting optimal charge/discharge schedules of the battery for these modes are shown in

Fig. 2.13(b). This indicates that the battery power is maintained between the maximum

charging and discharging power limits of the battery. It is observed that both the PV

source and grid are used to charge the battery. The SoC for these battery schedules is

shown in Fig. 2.13(c). This indicates that the SoC of the battery is maintained between

the maximum and minimum SoC limits of the battery. Moreover, SoC f = SoCi = 50%,

which is desired for flexible day-to-day management of the battery. The resulting grid

demand is shown in Fig. 2.13(d). This indicates that grid demand is limited to Po
dl of

2.85 kW and there is no feed-in power into the grid.
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Fig. 2.13 Case 4. (a) Load and PV power profiles. (b) Charge/discharge schedules of
the battery. (c) SoC of the battery. (d) Grid power.

2.6.5 Performance Indicators

The performance indicators such as percentage peak shaving, energy consumption cost

over the day, and voltage profile are considered to show the impact of proposed method

as discussed follows.

Percentage peak shaving

The percentage peak shaving is the ratio of the peak grid power with the proposed

method and the peak load power of the day. The PPS achieved for the above dis-

cussed cases is shown in Table 2.3. It indicates that peak shaving of 55.66%, 37.18%,

28.6725%, and 28.7% is achieved in Case 1-4, respectively with respect to peak load

power of the day.
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Table 2.3 Percentage Peak Shaving

Parameter Case 1 Case 2 Case 3 Case 4

Pg−peak (kW) 1.72 2.44 2.85 2.85

Percentage peak shaving (%) 55.66 37.18 28.67 28.7

Energy consumption cost over the day

The energy consumption cost of the system over the day is considered as other perfor-

mance indicator. The time-of-use price of the energy is considered [155]. The peak

time is when load power is more than 75% of the peak load. The off-peak time is when

load demand is less than 25% of the peak load. The energy price during peak and off-

peak hours is 5.39 INR and 4.15 INR, respectively. The energy price for the remaining

time is 4.39 INR [156]. The energy consumption cost over the day is calculated using

(2.27),

T ECC =
T

∑
t=1

Pg−d(t)×Tc×EP(t). (2.27)

The Pg−d(t) = Pg if Pg > 0 and Pg−d(t) = 0 if Pg ≤ 0. The T ECC without BESS for

Case 1 to 4 are 162.3459 INR/day, 217.2627 INR/day, 179.2068 INR/day, and 228.1274

INR/day, respectively. The T ECC with BESS using the proposed control for Case 1 to 4

are 149.5737 INR/day, 209.7624 INR/day, 166.5379 INR/day, and 221.8238 INR/day,

respectively. This indicates that the energy costs are less with the proposed method as

compared to the case of without BESS.

Voltage profile

To show the impact of the proposed peak shaving method on voltage profile, a two bus

system as shown in Fig. 2.14 is considered.

Grid

PV-BESS
  system

0.4 kV

1    2
600 m

Fig. 2.14 Considered PV-BESS system connected in LV ac distribution network.
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The system represents the considered PV-BESS system connected in a LV ac distribu-

tion network. The bus 1 and 2 are considered as slack bus and load bus, respectively.

The resistance and reactance of line are 3.69 Ω/km and 0.094 Ω/km, respectively [157].

The voltage of the load bus over a day is determined using backward forward sweep

power flow method [158].

The worst maximum bus voltage (Vwmax) i.e., the maximum bus voltage over a day

without BESS for Case 1 to 4 are 1.01 p.u., 1 p.u., 1.01 p.u., and 1 p.u., respectively.

The Vwmax with BESS using the proposed control for Case 1 to 4 are 1 p.u., 1 p.u., 1.004

p.u., and 1 p.u., respectively. The Vwmax values are less with the proposed method as

compared to the case without BESS. The worst minimum bus voltage (Vwmin)i.e., the

minimum bus voltage over a day without BESS for Case 1 to 4 are 0.955 p.u., 0.94 p.u.,

0.94 p.u., and 0.94 p.u., respectively. The Vwmin with BESS using the proposed control

for Case 1 to 4 are 0.975 p.u., 0.965 p.u., 0.96 p.u., and 0.96 p.u., respectively. The Vwmin

values are more with the proposed method as compared to the case without BESS. This

shows that both voltage drop and voltage rise are less due to the consideration of demand

and feed-in limits in the proposed peak shaving method, respectively. These obtained

T ECC, Vwmax and Vwmin values for four cases are shown in Table 2.4. It indicates that

the energy consumption cost over the day is reduced using the proposed method as

compared to the case of without BESS. Moreover, the voltage profile is improved using

the proposed method as compared to the case of without BESS.

2.7 CONCLUSIONS

In this chapter, an optimal rule-based peak shaving method is proposed. The proposed

method is tested for various possible cases of load and PV power profiles. The obtained

results show that the grid demand and feed-in powers are limited to the respective de-

mand and feed-in limits of the day, respectively. Moreover, the state of charge at the

end of the day is maintained equal to the state of charge at the start of the day for flex-

ible day-to-day-management of the battery. It is observed that the peak shaving in the

range of 28.67%-55.66% is achieved using the proposed method with respect to the

peak load demand. Moreover, the energy consumption cost is reduced in the range of

2.77%-7.87% over the day with respect to the case of without BESS. Moreover, the

improved voltage profile with the proposed method is observed.
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CHAPTER 3

OPTIMAL RULE-BASED DEMAND RESPONSE

WITH ENERGY BUYING AND SELLING PRICE

LIMITS USING ENERGY STORAGE

In Chapter 2, the optimal rule-based peak shaving method is proposed for minimiz-

ing the peak grid power in a PV-BESS system. The proposed method determines

the charge/discharge schedules of the battery considering the day-ahead forecasts of

the load and PV powers as inputs. However, the charge/discharge efficiencies and

charge/discharge power limits of battery are not considered while formulating the pro-

posed rule-based peak shaving method. Moreover, the energy price is not considered as

input while formulating the rule-based peak shaving method. It means that even though

peak shaving has several benefits, it may not be useful for minimizing the energy con-

sumption cost when time varying energy price profile is applied for energy consumption

of the system. In this scenario, DR application becomes important which is used to re-

duce the energy consumption cost while utilizing the time varying energy price profile.

Therefore, in this work, a DR method is proposed to minimize the energy consumption

cost using the day-ahead energy price profile along with the load and PV power pro-

files as inputs. Moreover, the charge/discharge efficiencies and charge/discharge power

limits of battery are not considered while formulating the DR method.

The DR is an important characteristic of residential customers for realizing smart grids.

The price based DR is an energy management method used by residential customers to

reduce their energy consumption cost while utilizing the time varying energy price pro-

file [136]. Use of BESS along with the PV sources allows the customers to change their

load profile patterns and participate in price based DR programs [57]. It is important to

have energy price limits for DR control in PV-BESS storage systems. Because energy

consumption cost of the system is reduced if battery is discharged when buying price is

more than the buying price limit. It means that less or no power is drawn from the grid

when buying price is more than its limit. Similarly if there is selling price involved,
TH-2971_176102004



operating energy consumption cost is reduced if the PV source is used to charge battery

only when selling price is less than the selling price limit. It means that PV power is

injected to the grid when selling price is more than its limit. In the existing literature of

DR application based on energy price limits, following research gaps are identified.

1. The DR method considering both energy buying and selling price profiles together

is not investigated.

2. Further, the DR application using energy price limits when both RESs and energy

storage devices are present in the system is not explained.

Therefore, the objective of this chapter is to formulate a DR method considering both

buying and selling price profiles for a residential PV storage system.

Moreover, as discussed in previous chapters, the rule-based control with the optimal

control inputs is considered as a simple yet optimal approach used for controlling bat-

tery charge/discharge schedules. Therefore, in this chapter, an optimal rule-based DR

method is proposed considering both buying and selling price profiles for a residential

PV storage system. In summary, the contributions of this chapter are given as follows:

1. A rule-based DR method is proposed to determine the charge/discharge schedules

of the battery which limit the energy buying and selling prices to the corresponding

buying and selling price limits of the day with the flexible day-to-day management

of the battery.

2. The proposed rule-based DR method is optimized by determining the optimal con-

trol inputs using GA which minimize the energy consumption cost over a day.

The remainder of the chapter is organized as follows: The chosen system is described

in Section 3.1. Then, the overview of the proposed control is presented in Section 3.2.

Later, the determination of operating modes of the battery and control inputs of the

rule-based DR method is discussed in Section 3.3. Further, the determination of battery

schedules and optimal control inputs is explained in Section 3.4 and 3.5, respectively.

The results and conclusions are presented in Section 3.6 and 3.7, respectively.
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3.1 SYSTEM DESCRIPTION

A grid-connected system consisting of ac/dc loads, PV-BESS is considered as shown in

Fig. 3.1 [58]. The grid is a power source that is capable of delivering/absorbing power.

The power balance equation at the PCC, neglecting losses, is given as

Pg(t)+Ppv(t)+Pb(t) = Pl(t). (3.1)

A discrete time model is assumed. The ’t’ represents the time interval [(t−1)×Tc, t×

Tc], where Tc is each time slot duration i.e., Tc = 1 hour. It means that all the defined

powers are the average powers during the each hour of the day.

PV source Battery

Grid

PbPpv

Pg

Interfacing 
converter ac load

Pacl ac bus

6 kW 120V, 300 Ah

3.5 kW

dc load
Pdcl

2.5 kW

PCC

ac
dc

dc
dc

dc
dc

dc bus

Load

Power flow direction

Fig. 3.1 Grid-connected PV-BESS system .

1. Load: The ac/dc loads are connected at the ac/dc buses of the system. The Peak

ac and dc load powers of 3.5 kW and 2.5 kW, respectively are considered. The

load power is the sum of ac and dc load powers as given in (3.2)

Pl(t) = Pacl(t)+Pdcl(t). (3.2)

2. Interfacing Converter: The ac and dc buses are connected by interfacing con-

verter. The interfacing converter acts as a rectifier and inverter while transferring

power from ac bus to dc bus and dc bus to ac bus, respectively. It controls the

power balance and maintains constant dc-link voltage.

3. Photovoltaic system: The PV source is connected at the dc bus of the system

through a dc-dc converter. This dc-dc converter helps the PV source to operate at

maximum power point as explained in Section 2.1 of Chapter 2. An installed PV
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power rating of 6 kW is considered.

4. Battery energy storage system: The battery is connected to the dc bus of the

system through a dc-dc converter. This dc-dc converter is used to provide the

required charge/discharge schedules of the battery as explained in Section 2.1 of

Chapter 2. A battery with a rating of 120 V, 300 Ah is chosen.

In Chapter 2, the battery charge/discharge efficiencies are neglected while formulating

the proposed peak shaving method. However, in this work the DR method is proposed

by considering the charge/discharge efficiencies of the battery. Therefore, the battery

power considering the charge/discharge efficiencies is given as

Pb(t) = Pb−c(t)/ec, while charging

= Pb−d(t)× ed, while discharging. (3.3)

Now, the overview of the proposed DR method in the chosen grid-connected PV-BESS

system is discussed in following section.

3.2 OVERVIEW OF PROPOSED DEMAND RESPONSE METHOD

The overview of the proposed control is shown in Fig. 3.2. It includes various steps to

realize the minimization of energy consumption cost over a day which are discussed as

follows:

1. The first step is the day-ahead forecasting of load, RES powers, and energy prices.

The day-ahead forecasts of load, RES powers, and energy buying and selling

prices are required to determine the operating modes and control inputs of the

rule-based DR method. These day-ahead forecasts of load, RESs power and en-

ergy price profiles can be obtained using the available methods present in litera-

ture [144], [159].
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2. The second step is the determination of the operating modes of the battery and

control inputs for rule-based DR method. The operating modes of the battery and

control inputs for rule-based DR method are determined using the load, PV power,

energy buying and selling price forecast curves of the day. The operating modes of

the battery are chosen such that energy buying price is limited to the buying price

limit. The buying price limit is defined as the buying price above which there is

no power drawn from the grid.

The control inputs for rule-based DR method are determined such that they depend

on energy buying price limit. It means that the control inputs of rule-based DR
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are same for the whole day corresponding to the energy buying price limit of that

particular day. This indicates that the control inputs have to be determined only

once per day.

3. The third step is the determination of the battery schedules using the rules of

DR method. The rules of the DR method are formulated based on the control

inputs which are obtained in Step 2 to decide the charge/discharge schedules of

the battery over a day.

4. The fourth step is the determination of the optimal control inputs. The optimiza-

tion problem is formulated to minimize the energy consumption cost over a day

while controlling the energy buying price limit of the day. The control inputs cor-

responding to the optimal energy buying price limit are considered as the optimal

control inputs of the day.

In this work, it is assumed that the forecasts required as per Step 1 are available and

the entire analysis carried out based on these day-ahead forecasts. The steps 2-4 of the

proposed method are discussed in detail in following sections.

3.3 DETERMINATION OF OPERATING MODES OF THE BAT-

TERY AND CONTROL INPUTS

The method of determination of operating modes of the battery and control inputs for

rule-based DR method are discussed in this section.

3.3.1 Operating Modes of the Battery

It is possible to limit buying price to a limit price known as buying price limit with the

use of the battery along with the PV source. The operating modes to limit buying price

to its limit are shown in Fig. 3.3 and discussed as follows.

1. Discharging mode: The battery is discharged when buying price is more than

buying price limit and PV power is less than the load power (EPb(t) > EPbl &&

Ppv(t) ≤ Pl(t)). It means that the grid power is not drawn when EPb(t) > EPbl
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which reduces energy consumption cost of the system. The symbol ’&&’ is logical

AND operator.
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Fig. 3.3 Operating modes of the battery. (a) Energy buying price . (b) Load and PV
powers

2. Charging mode 1: The battery is charged when buying price is less than buying

price limit (EPb(t)≤ EPbl). In this mode both the grid and the PV source are used

to charge the battery.

3. Charging mode 2: The battery is charged when buying price is more than buying

price limit and PV power is more than the load power (EPb(t)> EPbl&&Ppv(t)>

Pl(t)). In this mode the grid power is not used to charge the battery as EPb(t) >

EPbl . This reduces energy consumption cost of the system. Therefore, only the

PV source is used to charge the battery.

Now, the determination of control inputs for rule-based DR method is explained as

follows:

3.3.2 Control Inputs

The sequential process of determination of the control inputs is given in flow chart of

Fig. 3.4. Initially, buying price limit, energy required for charging the battery and

PV energy available for charging the battery are determined. Then, selling price limit

is determined if PV energy available for charging the battery is more than the energy
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required for charging the battery. Otherwise, the grid energy available for charging the

battery and sub-buying price limit are determined. The determination of these inputs is

discussed as follows:

Start

Determine buying price limit.

Determine required energy for charging battery over a day 

Determine available PV energy to charge battery over a day 

Epv-c Eb-c

Determine available utility grid energy
to charge battery over a day 

Yes

Determine selling price limit No

Determine sub-buying price limit 

>

Fig. 3.4 The sequential process of determination of control inputs.

Buying price limit

Buying price limit is chosen as a control variable which lies between the maximum and

minimum of predicted buying prices of the day.

EPmin−b ≤ EPbl ≤ EPmax−b. (3.4)

The EPmax
b and EPmin

b are the maximum and minimum values of the available day-ahead

buying price profile of the day, respectively.

Required energy for charging the battery over a day

To limit EPb(t) to EPbl , the required load power when EPb(t)> EPbl is supplied either

by the PV source or the battery. The power to be discharged from the battery is equal

to the load power that is not supplied by the PV source. Considering discharging power
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limit and efficiency, the battery discharging power is given as

Pb−d(t) = Pex−d(t)/ed,∀t ∈ td&&Pex−d(t)≤ Pb−dl

= Pb−dl,∀t ∈ td&&Pex−d(t)> Pb−dl

= 0, otherwise.

(3.5)

In (3.5), the Pex−d is the load power that is not supplied by the PV source. This is given

as follows:

Pex−d(t) = (Pl(t)−Ppv(t)). (3.6)

Then, energy to be discharged from the battery is the sum of the powers to be discharged

from the battery over a day, and given as

Eb−d =
T

∑
t=1

Pb−d(t)×Tc. (3.7)

For flexible day-to-day management, the required energy for charging the battery over

a day must be equal to the energy to be discharged from the battery over a day i.e.,

Eb−c = Eb−d. (3.8)

Available PV energy to charge the battery over a day

The battery is to be charged by Eb−c over a day, either by the PV source or grid. Firstly,

for increasing the self consumption, the available PV energy to charge the battery (with-

out injecting into the grid) is calculated. If it is not sufficient, then the available grid en-

ergy to charge the battery is determined. The Ppv−c(t) is considered as sum of Ppv−c1(t)

and Ppv−c2(t). Considering the charging power limit of the battery, the Ppv−c1(t) is

given as follows:

Ppv−c1(t) = Ppv(t),Ppv(t)≤ Pb−cl

= Pb−cl,Ppv(t)> Pb−cl.
(3.9)
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The Ppv−c2(t) is given in (3.10),

Ppv−c2(t) = Pex−pv(t),Pex−pv(t)≤ Pb−cl

= Pb−cl,Pex−pv(t)> Pb−cl.
(3.10)

In (3.10), the term Pex−pv is the PV power that is more than the load power given as

Pex−pv(t) = Ppv(t)−Pl(t). (3.11)

Now, the available PV energy to charge the battery is the sum of the available PV powers

to charge the battery over a day as given in (5.24).

Epv−c =
T

∑
t=1

Ppv−c(t)×Tc. (3.12)

Selling price limit

When the available PV energy to charge the battery is more than the energy required for

charging the battery over a day, it is economical if the battery is charged with PV power

during the time of selling price less than the selling price limit. Therefore, selling price

limit is a selling price value below which the PV source is used to charge the battery. It

means that the available PV power is either used to supply load or injected to the grid

when selling price is more than its limit in order to reduce the energy consumption cost

of the system. The determination of this limit is given as flowchart in Fig. 3.5.

Firstly the time slots of charging modes i.e., tc1 and tc2 are determined. Then, selling

prices during tc1 and tc2 are determined and considered as vectors [EEEPPPsss111] and [EEEPPPsss222].

Now, a selling price vector (EEEPPPsssvvvccc) is defined as [EEEPPPsss111 EEEPPPsss222]. Then, EEEPPPsssvvvccc is sorted

and considered as sorted selling price vector (EEEPPPsssvvvccc−−−sss). Then, cumulative sum of the

available PV power to charge the battery corresponding to each element of EEEPPPsssvvvccc−−−sss is

computed as

Spv−c(t) = Spv−c(t−1)+Ppv−c(t),∀t ∈ tc

= 0, otherwise
(3.13)

where tc includes both tc1 and tc2. This process is repeated if Spv−c(t) is less than the
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Start

Determine the time slots of tc1 and tc2

Define a selling price vector as EPsvc=[EPs1 EPs2] 

No

Yes

Determine the selling price during tc1  and tc2

Sort EPsvc and consider it as EPsvc-s

i = 1; Spv-c = 0

Determine Ppv-c corresponding to the 
                  time slot of EPsvc-s(i)

Spv-c = Spv-c + Ppv-c

Spv-c > Eb-c

i = i+1

EPl
s = EPsvc-s(i)

Fig. 3.5 Determination of selling price limit.

required energy for charging the battery i.e, Eb−c. If Spv−c(t) is more than or equal to

Eb−c, the corresponding element of EEEPPPsssvvvccc−−−sss is considered as selling price limit. This

signifies that the PV source is used to charge the battery only during the time slots when

selling price is less than selling price limit.

Available grid energy to charge the battery over a day

When the available PV energy to charge the battery is less than the required energy to

charge the battery, deficit amount of energy is drawn from the grid. However, the grid

is not used to charge the battery during td and tc2 i.e., when buying price is more than

its limit. Considering the charging power limit of the battery, the available grid power

to charge the battery is given in (3.14),

Pg−c(t) = Pb−cl−Ppv−c1(t),∀t ∈ tc1

= 0, otherwise.
(3.14)

Equation (3.14) indicates that the grid is used to charge the battery only during tc1.

Then, the available grid energy to charge the battery is sum of the available grid powers
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to charge the battery given as

Eg−c =
T

∑
t=1

Pg−c(t)×Tc. (3.15)

Sub-buying price limit

When Epv−c ≤ Eb−c, the grid is also used to charge the battery along with the PV

source. In this case, only the amount of energy Epv−c−Eb−c is to be provided by the

grid to completely charge the battery (not all the available grid energy to charge the

battery which limit energy buying price to the energy buying price limit). Therefore,

it is economical to use grid to charge the battery only when buying price is less than

its sub-buying price limit. Therefore, the sub-buying price limit is a buying price value

above which grid is not used to charge the battery. The method of determination of the

sub-buying price limit is similar to the determination of selling price limit. This is given

in flowchart of Fig. 3.6.

Start

Determine the time slots of tc1

No

Yes

Determine the buying price during tc1

Sort EPsbv and consider it as EPsbv-s

i = 1; Sg-c = 0

Determine Pg-c corresponding to the 
                  time slot of EPsbv-s(i)

Sg-c = Sg-c + Pg-c

Sg-b-c > Eb-c-Epv-c

i = i+1

EPl
sb = EPsbv-s(i)

Fig. 3.6 Determination of sub-buying price limit.

Firstly, the time slots of charging mode 1 are determined (because the grid energy is

available to charge the battery only during tc1 for limiting the energy buying price to the

energy buying price limit). The buying prices during tc1 are determined and considered

as the sub-buying price vector EEEPPPsssbbbvvv. Then, EEEPPPsssbbbvvv is sorted and considered as the

69

TH-2971_176102004



sorted sub-buying price vector (EEEPPPsssbbbvvv−−−sss). Then, cumulative sum of the available grid

power to charge the battery corresponding to each element of EEEPPPsssbbbvvv−−−sss is computed as

Sg−c(t) = Sg−c(t−1)+Pg−c(t)×Tc,∀t ∈ tc1

= 0, otherwise.
(3.16)

This process is repeated if Sg−c(t) is less than required grid energy for charging the

battery i.e, Eb−c−Epv−c. If Sg−c(t) is more than or equal to Eb−c−Epv−c, the cor-

responding element of EEEPPPsssbbbvvv−−−sss is considered as EPsbl . This signifies that the grid is

used to charge the battery only during the time slots when buying price is less than the

sub-buying price limit.

Now, the determination of battery schedules using the rules of proposed DR method is

explained in following section.

3.4 DETERMINATION OF THE BATTERY SCHEDULES US-

ING THE RULES OF DEMAND RESPONSE METHOD

Considering the above proposed control inputs, the rules for DR are formulated to know

the day-ahead schedules of the battery. These rules are formulated such that day-to-day

management is flexible while considering buying price limit, selling price limit and

sub-buying price limit as given follows.

3.4.1 Discharging Mode

The discharging mode of the battery is during the time when EPb(t)>EPbl && Ppv(t)≤

Pl(t). In this mode, there is only one rule for deciding battery power as given follows.

Rule 1

In this mode EPb(t)> EPbl . The battery is used to supply the load power which is not

supplied by the PV source. It means that the battery discharges by Pb−d(t) as per (3.5).
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3.4.2 Charging Mode 1

The charging mode 1 of the battery is during the time when EPb(t) ≤ EPbl . In this

mode, there are two rules which decide the battery power as given follows.

Rule 2

When Epv−c ≤ Eb−c, the grid is used to charge the battery along with the PV source. It

means that the battery is charged by Ppv−c−b(t)+Pg−c−b(t). Here the complete avail-

able PV power is used to charge the battery i.e., Ppv−c−b(t) = Ppv−c1(t). However, the

amount of the grid power used to charge the battery depends on the values of buying

price and sub buying price limit which is discussed as follows:

Before discussing the various possibilities, two important terms are defined. 1) The

sum of the available grid powers to charge the battery for all the times of buying price

less than sub-buying price limit (i.e., ∀ t ∈ tl) as Eg−c−l . 2) The sum of the grid powers

already used to charge the battery for all the times of buying price equal to sub-buying

price limit (i.e., ∀ t ∈ te&&te < t) as Eg−c−b−e(t).

1. If EPb(t) < EPsbl: In this case, complete available grid power is used to charge the

battery as per (5.25). Therefore, Pg−c−b(t) = Pg−c(t).

2. If EPb(t) = EPsbl: Here, the number of time slots of te can be more than one. During

these slots a total of (Eb−c−Epv−c−Eg−c−l) is supplied by the grid for charging

the battery. Therefore, Pg−c−b(t) depends on Eg−c−b−e(t) and Sg−c(t) which is dis-

cussed as follows:

(a) If (Eg−c−b−e(t) < Eb−c − Epv−c − Eg−c−l) && (Sg−c(t) ≤ Eb−c − Epv−c), It

means that the battery is not yet charged with the required amount of energy

during te. Moreover, Sg−c(t) is less than the required amount of the grid energy

to charge the battery. Therefore, the complete available grid power is used to

charge the battery i.e., Pg−c−b(t) = Pg−c(t).

(b) If (Eg−b−c−e(t) < Eb−c − Epv−c − Eg−c−l) && (Sg−c(t) > Eb−c − Epv−c), It

means that the battery is not yet charged with the required amount of energy

during te. However, Sg−c(t) is more than the required amount of the grid energy

to charge the battery. In this scenario, it is not possible to charge the battery

with the complete available grid power. Because it leads to the SoC violation
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of flexible day-to-day management. Therefore, Pg−c−b(t) = (Sg−c(t)− (Eb−c−

Epv−c))/Tc such that the flexible day-to-day management is maintained.

(c) If Eg−b−c−e(t) ≥ Eb−c−Epv−c−Eg−c−l , It means that the battery is already

charged with the required amount of energy during te. Therefore, the grid is not

used to charge the battery i.e., Pg−c−b(t) = 0.

3. If EPb(t)> EPsbl: The grid is not used to charge the battery as per the definition of

sub-buying price limit. Therefore, Pg−c−b(t) = 0.

Rule 3

When Epv−c > Eb−c, only the PV source is used to charge the battery. The amount of

PV power used to charge the battery depends on selling price and selling price limit.

Before discussing the various possibilities, two important terms are defined with vari-

ables. 1) The sum of the available PV powers to charge the battery for all the times

of selling price less than selling price limit (i.e., ∀ t ∈ tsl) as Epv−c−l . 2) The sum of

PV powers already used to charge the battery for all the times of selling price equal to

selling price limit (i.e., ∀ t ∈ tse&&tse < t) as Epv−c−b−e(t).

1. If EPs(t)< EPsl: In this case the complete available PV power is used to charge the

battery as per (3.9). Therefore, Ppv−c−b(t) = Ppv−c1(t).

2. If EPs(t) = EPsl: Here, the number of time slots of tse can be more than one. During

these slots a total of (Eb−c−Epv−c−l) is supplied by the PV source for charging

the battery. Therefore, Ppv−c−b(t) depends on Epv−c−b−e(t) and Spv−c(t) which is

discussed as follows:

(a) If (Epv−c−b−e(t)< Eb−c−Epv−c−l && Spv−c(t) ≤Eb−c), it means that the bat-

tery is not yet charged with the required amount of energy during te. Moreover,

Spv−c(t) is less than the required energy for charging the battery. Therefore,

complete available PV power is used to charge the battery i.e., Ppv−c−b(t) =

Ppv−c1(t).

(b) If (Epv−c−b−e(t)< Eb−c−Epv−c−l) && Spv−c(t)> Eb−c, it means that the bat-

tery is not yet charged with the required amount of energy during te. However,
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Spv−c(t) is more than the required energy for charging the battery. In this sce-

nario, it is not possible to charge the battery with the complete available PV

power as it leads to the SoC violation of flexible day-to-day management of the

battery (the final SoC of the day can not be maintained equal to the initial SoC

of the day). Therefore, Ppv−c−b(t) = (Spv−c(t)−Eb−c)/Tc such that the flexible

day-to-day management of the battery is maintained.

(c) If Epv−c−b−e(t) ≥ Eb−c−Epv−c−l , it means that the battery is already charged

with the required amount of energy during te. The PV source is not used to

charge the battery any more. Therefore, Ppv−c−b(t) = 0.

3. If EPs(t)> EPsl: The PV source is not used to charge the battery as per the definition

of selling price limit. Therefore, Ppv−c−b(t) = 0.

3.4.3 Charging Mode 2

The charging mode 2 of the battery is during the time when EPb(t)> EPbl && Ppv(t)>

Pl(t). In this mode, there are two rules which decide the battery power as given follows.

Rule 4

If Epv−c ≤ Eb−c, only the PV source is used to charge the battery as EPb(t)> EPbl . The

PV source charges the battery by the amount Ppv−c2(t) as per (3.10).

Rule 5

If Epv−c > Eb−c, only the PV source is used to charge the battery. The Ppv−c−b(t)

depends on the values of EPs(t) and EPsl as mentioned in Rule 3.

1. If EPs(t)< EPsl: Here the complete available PV power is used to charge the battery

as per (3.9). Therefore, Ppv−c−b(t) = Ppv−c2(t).

2. If EPs(t) = EPsl: Here, Ppv−c−b(t) depends on Epv−c−b−e(t) and Spv−c(t) which is

given as follows:

(a) If (Epv−c−b−e(t)<Eb−c−Epv−c−l && Spv−c(t)≤Eb−c), the complete available

PV power is used to charge the battery. Therefore, Ppv−c−b(t) = Ppv−c2(t).
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(b) If (Epv−c−b−e(t) < Eb−c − Epv−c−l && Spv−c(t) > Eb−c), it is not possible

to charge the battery with the complete available PV power as it leads to the

SoC violation of flexible day-to-day management. Therefore, Ppv−c−b(t) =

(Spv−c(t)− Eb−c)/Tc such that the flexible day-to-day management is main-

tained over a day.

(c) If Epv−c−b−e(t)≥ Eb−c−Epv−c−l , the PV source is not used to charge the bat-

tery. Therefore, Ppv−c−b(t) = 0.

3. EPs(t)>EPsl: The PV source is not used to charge the battery. Therefore, Ppv−c−b(t)

= 0.

The SoC of the battery during discharging and charging modes is calculated using

coulomb-counting method. This process of determination of battery charge/discharge

schedules using the proposed rules for DR method is shown as flowchart in Fig. 3.7.

pv-c ≤ E b-c

No

Yes

No
Rule 1

Rule 2

Rule 3

Rule 4

Rule 5

b(t) = Pb-d(t) Yes

Pb (t)=-(Ppv-c-b(t) + Pg-c-b(t)), 
which depends on EPb(t) and EPsbl

Pb (t)=-Ppv-c-b (t),
which depends on EPs(t) and EPsl

Ppv(t) ≤ Pd(t)
No

Yes

Epv-c b-c

No

Yes

b

EPbl

E

≤ E

P

P

Start

(t) = -Ppv-c2(t)

≤

Pb (t)=-Ppv-c-b (t),
which depends on EPs (t) and EPsl

EPb (t)

Fig. 3.7 Proposed rule-based DR method.

Now, the determination of optimal control inputs for optimizing the proposed rule-based

DR method is discussed.
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3.5 DETERMINATION OF OPTIMAL CONTROL INPUTS

The optimization problem formulation for determining the optimal control inputs and

its solution method are discussed in this section.

3.5.1 Optimization Problem Formulation

The considered objective function and constraints are given from (3.17)-(3.21), respec-

tively

minimize f =
T

∑
t=1

ECC(t) (3.17)

subjected to

1. Power balance constraint

Pg(t)+Ppv(t)+Pb(t) = Pl(t). (3.18)

2. Battery SoC Constraints

SoCl ≤ SoC(t)≤ SoCu,SoC f = SoCi. (3.19)

3. Battery charge/discharge power constraints

Pb−c(t)≤ Pb−cl,Pb−d(t)≤ Pb−dl. (3.20)

4. Battery energy capacity constraint

Eg−c +Epv−c ≥ Eb−c. (3.21)

Equation (3.17) aims to minimize energy consumption cost of the system over a day.

The ECC is calculated using (3.22) i.e.,

ECC(t) = Eg−d(t)×EPb(t)−Eg−i(t)×EPs(t). (3.22)

Equation (3.18) gives the power balance constraint. Equation (3.19) indicates the con-

straints of SoC limits of the battery and the flexible day-to-day operation of the bat-

tery. The SoC of the battery is calculated using coulomb counting method [147], [148].

Equation (3.20) indicates the constraints of charge/discharge powers of the battery, re-

spectively. Equation (3.21) shows that the sum of the available grid and PV energies to
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charge the battery should be more than or equal to the required energy for charging the

battery.

3.5.2 Solving the Optimization Problem

The formulated problem is an off-line optimization problem with a non-linear fitness

function, which is solved using GA solver in MATLAB. The method of solving the

optimization problem using GA is explained in detail in Section 2.5 of Chapter 2. The

default values are chosen for various parameters of GA, except for population size. The

population size is an important parameter to choose. Because if it is small, the conver-

gence might not be achieved. Therefore, population size is chosen based on the number

of control variables. There is only one control variable in this optimization problem

i.e., the energy buying price limit of the day. As it is possible for different GA runs

to provide different optimal values, to avoid any sub-optimal solutions and guarantee

global optimum solution the population size is tuned such that multiple simulation runs

converge precisely to the same value and chosen as 10. The control inputs correspond-

ing to EPo
bl are the optimal control inputs for the proposed method i.e., Eo

b−c, Eo
pv−c,

Eo
g−c, EPo

sbl and EPo
sl .

Now, the simulation results of the proposed optimal rule-based DR method are dis-

cussed in following section.

3.6 SIMULATION RESULTS

The proposed method is tested on the considered system in MATLAB on a 64-bit oper-

ating system PC with a processor of Intel(R) Core(TM) i5-6500 CPU @ 3.2 GHz. The

chosen system parameters are given in Table 3.1 [58]. The day-ahead forecasts of ac/dc

load power profiles are shown in Fig. 3.8.

The rule-based methods discussed in literature [42], [100], [127], [128], [133] have

validated their algorithms for various possible scenarios as per their proposed method.

As per the proposed method in this chapter, there exists only two different scenarios

based on the available PV energy on a given day i.e., 1) The available PV energy over

a day is less than or equal to the required energy for charging the battery and 2) The
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available PV energy over a day is more than the required energy for charging the battery.

Therefore, the proposed method is validated for following cases which include both the

possible scenarios.

Case 1: More PV energy availability over a day

Case 2: Less PV energy availability over a day

Table 3.1 System Parameters

Parameter Value Parameter Value

Pacl−p/Pdcl−p 3.5/2.5 kW SoCl/SoCu 0.2/0.9

Ppv−i 6 kW SoCi 0.5

Eb−r 36 kWh Pb−cl 6 kW

Ahb−r 300 Ah Pb−dl 6 kW

ec 0.95 ed 0.95

0 4 8 12 16 20 24
0

2

4

6

Time (h)

P
o

w
e

r 
(k

W
) ac load demand (kW) dc load demand (kW)

Fig. 3.8 ac and dc load profiles .

3.6.1 Case 1

In this case more PV energy availability over a day is considered. The optimal control

inputs are determined with the help of the available day-ahead forecasts of energy price,

load, PV power profiles and the proposed rules as discussed follows.

Optimal control inputs

The results of GA i.e., best fitness values for multiple runs are shown in Fig. 3.9. It

is observed that all the runs provide same optimal result. It means that the minimum

of best fitness values is same in all the runs which is equal to 542.74 INR. Therefore,

optimal energy consumption cost of system is 542.74 INR. The corresponding energy
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buying price limit is the optimal energy buying price limit which is equal to 8.235 INR.

For this, the corresponding optimal control inputs are given in Table 3.2. It shows that

the optimal available PV energy to charge the battery is more than the required energy

for charging the battery (Eo
pv−c > Eo

b−c). It means that the grid energy is not required

to charge the battery. Therefore, the available grid energy to charge battery and energy

sub-buying price limit (Eo
g−c and EPo

sbl) are not applicable (NA).

Battery schedules and grid powers over the day

The day-ahead forecasted buying and selling price profiles along with the determined

optimal buying and selling price limits are shown in Fig. 3.10(a). The day-ahead fore-

casted load and PV power profiles are shown in Fig. 3.10(b). For these inputs, the

discharging mode is during t = 14, 17 and 18 hours and remaining hours are of charging

mode 1. There is no charging mode 2 according to the proposed operating modes of

the battery. It is observed that the PV source is not used to charge the battery when

EPs(t) > EPo
sl i.e., during t = 8, 12-22 hours as shown in Fig. 3.10(c). Fig. 3.10(d)

shows that the battery is operated at SoC values of above 50% over the day and within

its upper/lower limits. Moreover, SoC f = SoCi = 50%, which is desired for flexible

day-to-day management. This justifies the proposed rule-based DR method.
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Fig. 3.9 Best fitness values obtained using GA during Case 1

The grid power is determined using (3.18) and shown in Fig. 3.10(e). It indicates that

when EPb(t)> EPl
bl i.e., during t = 14, 17 and 18 hours, there is no grid power demand.
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Table 3.2 Optimal Control Inputs

Input parameter Case 1 Case 2

Availability Availability

EPo
bl (INR) 8.23 8.29

Eo
b−c (kWh) 7.13 14.55

Eo
pv−c (kWh) 27.6 3

Eo
g−c (kWh) NA 123

EPo
sbl (INR) NA 6.43

EPo
sl (INR) 6.43 NA

Similarly, there can be power injected to grid only when EPs(t) > EPo
sl i.e., during t =

8, 12-22 hours. However, the grid power injection is observed only during t = 13 hour

as the available PV power is more than the load power during that hour. The grid power

profile indicates that buying price and selling price are limited to their corresponding

optimal limits of the day to minimize the energy consumption cost of the system. This

justifies the proposed rule-based DR method.

3.6.2 Case 2

In this case less PV energy availability over a day is considered. The determined optimal

control inputs are discussed as follows:

Optimal control inputs

In this case the minimum of best fitness values is determined to be 779.03 INR using

GA. Then, the optimal energy buying price limit is found to be equal to 8.29 INR. For

this, the corresponding optimal control inputs are given in Table 3.2. It indicates that

the optimal available PV energy to charge the battery is less than the required energy

for charging the battery (Eo
pv−c < Eo

b−c). It means that the complete available PV energy

is used to charge the battery. Therefore, the energy selling price limit (EPo
sl) is NA.
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Fig. 3.10 Case 1. (a) Energy price . (b) Load and PV power profiles . (c)
Charge/discharge schedules of the battery. (d) SoC of the battery. (e) Grid power.

Battery schedules and grid powers over the day

The day-ahead forecasts of energy prices along with the optimal buying and sub-buying

price limits are shown in Fig. 3.11(a). The day-ahead forecasts of load and PV powers

are shown in Fig. 3.11(b). For these inputs discharging mode is during t = 14, 17 and

18 hours and remaining hours are of charging mode 1. There is no charging mode 2

according to the proposed operating modes of the battery. The battery modes of hours

are same as that of the case of more PV energy availability even though there is less PV

energy available for charging the battery. Because, in this case, the grid is also used to

charge the battery along with the PV source. The complete available PV energy is used

to charge the battery as shown in Fig. 3.11(c). The grid is used to charge the battery

only when EPb(t)≤ EPo
sbl i.e., during t = 1, 2 hours. Fig. 3.11(d) shows that the battery
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is operated at SoC values of above 50% over the day and within its upper/lower limits.

Moreover, SoC f = SoCi = 50%, which is desired for flexible day-to-day management.

This justifies the proposed rule-based DR method.

The grid power is determined using (3.18) and shown in Fig. 3.11(e). It indicates that

when EPb(t) > EPo
bl i.e., during t = 14, 17 and 18 hours, there is no grid demand.

It means that the buying price is limited to the optimal buying price limit of the day

to minimize energy consumption cost of the system. Since less PV energy is available,

there is no power injected to the grid. This justifies the proposed rule-based DR method.
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3.6.3 Energy Consumption Cost Analysis

The energy consumption cost of the system for base case i.e., without PV-BESS is

calculated as 823.51 INR/day. The energy consumption costs calculated for Case 1 and

2 with the proposed method are shown in Table 3.3 and discussed as follows:

1. Case 1: In this case the energy consumption cost without BESS (with only the

PV source) is calculated as 547.28 INR/day. It means that cost savings of 33.54%

are obtained with only the PV source as compared to base case. However, using

PV-BESS with the proposed method results in an energy consumption cost of

542.745 INR/day. It means that cost savings of 34.09% are obtained with the

proposed method using PV-BESS as compared to base case. This shows that the

energy consumption cost savings with BESS are not significant as compared to

the case of without BESS. Because, in this case with more PV energy availability

over the day, the energy consumption cost is reduced even without BESS as the

energy selling price is considered.

2. Case 2: In this case the energy consumption cost without BESS is calculated as

794.10 INR/day. It means that cost savings of 3.57% are obtained with only the

PV source as compared to base case. However, using PV-BESS with the proposed

method results in an energy consumption cost of 779.02 INR/day. It means that

cost savings of 5.4% are obtained with the proposed method using PV-BESS as

compared to base case. This shows that the energy consumption cost savings with

BESS are significant as compared to the case of without BESS. Because, in this

case with less PV energy availability over the day, the energy consumption cost is

not reduced even with the consideration of energy selling price.

3.7 CONCLUSIONS

In this chapter, an optimal rule-based demand response method is proposed considering

both energy buying and selling price profiles. The proposed method is tested for the

two possible cases: i) more PV energy availability over a day and ii) less PV energy

availability over a day. The obtained results show that the energy buying and selling

prices are limited to the respective energy buying and selling price limits of the day,
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respectively. Moreover, the state of charge at the end of the day is maintained equal

to the state of charge at the start of the day for flexible day-to-day-management of the

battery. It is observed that the energy consumption cost savings of 34.09% and 5.4%

are obtained on the day of more PV energy and less PV energy availability over a day,

respectively as compared to the case when there is no battery energy storage system.
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CHAPTER 4

OPTIMAL RULE-BASED VOLTAGE CONTROL

WITH MAXIMUM AND MINIMUM BUS VOLTAGE

LIMITS USING SMART POWER CONVERTER

In Chapter 2 and 3, the proposed optimal rule-based peak shaving and DR methods are

discussed considering the aggregated load and RES powers in LV distribution system.

The LV ac bus voltage is maintained at 1.0 p.u., irrespective of load and RES power

variation over the day. However, in case if the loads and RESs are considered to be

connected at various buses in the distribution system, the voltage control application be-

comes important. Because, a high PV penetration at the LV residential distribution net-

work results in an increase of voltage throughout the feeder [160]. Moreover, increased

loading levels in the distribution network results in a decrease of voltage throughout the

feeder. In this scenario, sensitive equipment does not work satisfactorily [161]. There-

fore, voltage control is necessary for the voltage rise/drop mitigation and for satisfactory

operation of consumer equipment.

The smart power converters can be used for voltage control in modern LV distribution

systems. In [87], full output voltage range based and set points based voltage con-

trol methods are studied using smart power converter. In a full output range based

voltage control, the output voltage is infinitely adjustable within its range whereas in

set points based voltage control, the output voltage is chosen from the predefined set

points. Therefore, set points based voltage control schemes are simple and have certain

financial advantages as compared to full voltage range control methods [87]. Suppose,

if LV ac bus voltage is controlled through a set points based voltage control method, the

frequent operation of controller for maintaining the reference voltage will be avoided.

This is due to the fact that the reference voltages changes only among few set points un-

like the full output voltage range based control over a day. With this, the frequent delays

(transient times) which occurs when controllers are changing their output from one ref-

erence value to another reference value are reduced. Moreover, the real-time problems
TH-2971_176102004



associated with the tracking of set point references for controllers are reduced [162],

[163]. However,it is important to choose the set points appropriately. The set points

based voltage control methods such as switching between two set points based on end-

of-line voltage as well as SBTSPBOC are discussed in [87]. Among all the methods

discussed, the SBTSPBOC is shown as a practically feasible and better method of volt-

age control. In SBTSPBOC, the direct-axis LV ac bus current is used to decide the

set points of voltage. However, if the direct-axis LV ac bus current is flowing in one

direction, it can not be said that the current at all other buses is also flowing in the same

direction. In those cases, voltage control based on current does not work. To avoid

this limitation, an optimal rule-based voltage control method based on maximum and

minimum bus voltages is proposed in this chapter. The set points are chosen based on

the maximum and minimum load bus voltages to improve the voltage profile in the dis-

tribution systems. Accordingly, the contributions of this chapter are given as follows

1. A rule-based voltage control method is proposed to determine the LV ac bus volt-

ages to be maintained by smart power converter such that the voltage rise and drop

issues are mitigated in the distribution system over a day.

2. The proposed rule-based voltage control method is optimized by determining the

optimal control inputs using GA for minimizing the voltage deviation over a day.

The remainder of the chapter is organized as follows: The chosen system is described

in Section 4.1. Then, the overview of the proposed control is presented in Section 4.2.

Later, the determination of operating modes of the smart power converter and control

inputs of the rule-based voltage control method is discussed in Section 4.3. Further, the

determination of LV ac bus voltage and optimal control inputs is explained in Section

4.4 and 4.5, respectively. The developed performance indicators to know the impact of

voltage control method are discussed in Section 4.6. The results and conclusions are

presented in Section 4.7 and 4.8, respectively.
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4.1 SYSTEM DESCRIPTION

A modified CIGRE benchmark LV residential distribution network consisting of loads

and PV sources at different buses is considered as shown in Fig. 4.1 [157], [164]. The

power balance equation at the LV ac bus is given as

Plv(t) =
nl

∑
i=1

Pi
l (t)+Ploss(t)−

nr

∑
j=1

P j
rc(t). (4.1)

A discrete time model is assumed. The ’t’ represents the time interval [(t−1)×Tc, t×

Tc], where Tc is each time slot duration, i.e., Tc = 1 hour. It means that all the defined

powers are the average powers during the each hour of the day. The various components

of the system are described as follows:

1. Back-to-back converter: The residential distribution network is connected to grid

through a back-to-back converter. It is operated in grid forming mode to maintain

the required LV ac bus voltage magnitude.

2. Loads: The loads L1-L5 with rated peak load of 30 kW, 40 kW, 50 kW, 20 kW and

45 kW, respectively are considered. The summer load power profile is considered

where peak load occurs during 20:00 and 23:00 hours. The load power profile

when the peak load power is equal to the rated peak load power is shown in Fig.

4.2(a) [141].

3. Photovoltaic sources: The PV sources PV1-PV5 are considered to be present

with loads L1-L5, respectively. Each PV source is connected through dc-dc and

dc-ac converters to the load terminal. This dc-dc converter helps the PV source

to operate at maximum power point using MPPT algorithms. Further, the dc-

ac converter operates in grid following mode to provide required active/reactive

powers to the system. In this study, they are operated at unity power factor.

It is considered that the installed PV power is equal to the rated peak power of the

load at which it is connected. The PV penetration level of 100% is considered at

each load of the distribution network. where PV penetration level (λ ) is defined as

the ratio of the installed PV power (Ppv−i) to the peak load demand of the building

(Pd−p) [165] i.e.,

λ =
Ppv−i

Pd−p
. (4.2)
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Fig. 4.1 Modified CIGRE benchmark residential distribution network .

The PV power profiles when the peak PV power is equal to the installed PV power

is shown in Fig. 4.2(b) [166].
Now, the overview of the proposed voltage control method in the chosen grid-connected

LV ac residential distribution system is discussed in following section.

4.2 OVERVIEW OF THE PROPOSED VOLTAGE CONTROL

METHOD

The overview of the proposed control is shown in Fig. 4.3. It includes various steps to

realize the minimization of voltage deviation over a day which are discussed as follows:
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1. The first step is the day-ahead forecasting of load and RES powers. The day-

ahead forecasts of load and RES powers are required to determine the operating

modes and control inputs of the rule-based voltage control method. In recent

years, several studies have been conducted for forecasting the load and RES power

[142]. Data driven approaches for forecasting the RES and load power values

have gained popularity due to the increased availability of monitoring data [143].

This monitoring data mainly includes weather forecast and historical energy usage

data. Therefore, using the data driven approaches such as statistical and machine

learning methods, the required day-ahead load and RES power can be forecasted

[144]. In this work, it is assumed that these forecasts are available and the entire

analysis carried out in this work is based on these day-ahead forecasts.

2. The second step is the determination of the operating modes of the back-to-back

converter and control inputs for rule-based voltage control method. The operating

modes of the back-to-back converter and control inputs for rule-based voltage

control are determined using the load and PV power forecast curves of the day.

The operating modes are chosen to mitigate the voltage rise and voltage drop in

the distribution network.

The control inputs for rule-based voltage control are considered as maximum,

minimum voltage limits of the day, and voltage set points. These control inputs

are same for the whole day which have to be determined only once per day.

3. The third step is the determination of the LV ac bus voltages using the rules of

voltage control method. The rules of the voltage control method are formulated

based on the control inputs which are obtained in Step 2 to decide the LV ac bus

voltages over a day.

4. The fourth step is the determination of the optimal control inputs. The optimiza-

tion problem is formulated to minimize the voltage deviation over a day while con-

trolling the voltage set points and limit difference of the day. The control inputs

corresponding to the optimal voltage set points and limit difference are considered

as the optimal control inputs of the day.

These steps of the proposed method are discussed in detail in following sections.
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4.3 DETERMINATION OF OPERATING MODES OF THE BACK-

TO-BACK CONVERTER AND CONTROL INPUTS

The method of determination of operating modes of the back-to-back converter and

control inputs for rule-based voltage control is discussed in this section.

4.3.1 Operating Modes of the Back-to-back Converter

The operating modes to mitigate the voltage rise and voltage drop are considered as

follows:

1. Voltage rise mitigation mode: This mode is during the time when maximum bus

voltage is more than the maximum bus voltage limit of the day i.e., Vmax(t) >

Vmax−d .

2. Voltage drop mitigation mode: This mode is during the time when minimum bus

voltage is less than the minimum bus voltage limit of the day i.e., Vmin(t)<Vmin−d .

Now, the determination of control inputs for rule-based voltage control method is ex-

plained as follows:

4.3.2 Control Inputs

The control inputs of maximum voltage limit of the day, minimum voltage limit of the

day, voltage set point 1, voltage set point 2 are considered as discussed follows.

Maximum voltage limit of the day

The maximum voltage limit of the day is considered as the voltage value above which

the LV ac bus voltage is changed to mitigate the voltage rise in the distribution sys-

tem. Therefore, it is considered as the difference between the maximum voltage limit

specified by the grid and a control variable known as the limit difference.

Vmax−d =Vmax−g−Vld. (4.3)
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From ANSI C84.1 [137], Vmax−g = 1.05 p.u. Therefore, the Vmax−d is chosen from 1.0

p.u. to 1.05 p.u. as given follows:

1 p.u.≤Vmax−d ≤ 1.05 p.u. (4.4)

Minimum voltage limit of the day

The minimum voltage limit of the day is the voltage value below which the LV ac bus

voltage is changed to mitigate the voltage drop in the distribution system. Therefore,

it is considered as the sum of the minimum voltage limit specified by the grid and the

limit difference.

Vmin−d =Vmin−g +Vld. (4.5)

From ANSI C84.1 [137], Vmin−g = 0.95 p.u. Therefore, the Vmin−d is chosen from 0.95

p.u. to 1.0 p.u. as given follows.

0.95 p.u.≤Vmin−d ≤ 1 p.u. (4.6)

The limit difference is varied from 0 p.u. to 0.05 p.u. in order to choose the Vmax−d and

Vmin−d as per (4.4) and (4.6).

Voltage set point 1

The voltage set point 1 is the LV ac bus voltage to be maintained during the voltage rise

mitigation mode. Therefore, it is chosen as a control variable which varies between the

minimum voltage limit given by grid code and 1.0 p.u. as given follows.

0.95 p.u.≤Vsp1 ≤ 1 p.u (4.7)

Voltage set point 2

The voltage set point 2 is the LV ac bus voltage to be maintained during the voltage drop

mitigation mode. Therefore, it is chosen as a control variable which varies between 1.0
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p.u. and the maximum voltage limit given by grid code as given follows.

1 p.u.≤Vsp2 ≤ 1.05 p.u.. (4.8)

Now, the determination of LV ac bus voltage using the rules of proposed voltage control

method is explained in following section.

4.4 DETERMINATION OF THE LV AC BUS VOLTAGES USING

THE RULES OF VOLTAGE CONTROL METHOD

In literature, it is shown that the SBTSPBOC is a better voltage control method out of

various set points based voltage control methods. In order to compare the proposed

method with respect to SBTSPBOC, in this section the rules of SBTSPBOC voltage

control method as well as the proposed method are discussed.

4.4.1 Switching Between Two Set Points Based on Current

In this method, depending on the LV ac bus current direction, the LV ac bus voltage is

decided. The current direction at the LV ac bus is indicated by its corresponding direct

axis current (Id−lv(t)) direction. Thus Id−lv(t) is used to decide the required LV ac bus

voltage. The negative Id−lv(t) indicates that the total load is less as compared to the

RESs present in the distribution network which might lead to voltage rise violations.

Therefore, if Id−lv(t) is negative, the Vlv(t) is set to Vsp1 to avoid any voltage rise vio-

lations. Similarly, the positive Id−lv(t) indicates that the total load is more as compared

to the RESs present in the distribution network which might lead to voltage drop viola-

tions. Therefore, if Id−lv(t) is positive, the Vlv(t) is set to Vsp2 to avoid any voltage drop

violations. It means that there are two rules in this method as given follows.

1. Rule 1: If the direct axis current of LV ac bus is negative, Vlv(t) is set to Vsp1 i.e.,

Vlv(t) =Vsp1.

2. Rule 2: If the direct axis current of LV ac bus is positive, Vlv(t) is set to Vsp2 i.e.,

Vlv(t) =Vsp2.
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This rule-based voltage control method of SBTSPBOC is shown in Fig. 4.4.

4.4.2 Proposed Method of Voltage Control

In this method, depending on the maximum and minimum load bus voltages (Vmax(t)

and Vmin(t)), the LV ac bus voltage is decided. The maximum load bus voltage is the

maximum of all the load bus voltages at each time. The minimum load bus voltage is

the minimum of all the load bus voltages at each time. If maximum load bus voltage is

more than the maximum voltage limit of the day, the LV ac bus voltage is set to voltage

set points 1 to avoid voltage rise violations. Similarly, if minimum load bus voltage is

less than the minimum voltage limit of the day, the LV ac bus voltage is set to voltage

set point 2 to avoid voltage drop violations. If the maximum and minimum bus voltages

are within their corresponding limits of the day, the LV ac bus voltage is not changed.

Therefore, there are three rules as per this method. These are given as

Id-lv(t) < 0

Vlv (t)= Vsp1

Yes

Get Id-lv(t)

= Vsp2

Start

Vlv (t)

Rule 1

No

Rule 2

Fig. 4.4 Rule-based voltage control method of SBTSPBOC.

1. Rule 1: In voltage rise mitigation mode i.e., if maximum bus voltage is more than

the maximum voltage limit of the day, Vlv(t) =Vsp1.

2. Rule 2: In voltage drop mitigation mode i.e., if minimum bus voltage is less than

the minimum voltage limit of the day, Vlv(t) =Vsp2.

3. Rule 3: If the maximum and minimum bus voltages are within their respective

limits, Vlv(t) is not changed.

This proposed rule-based voltage control method is shown in Fig. 4.5. Now, the de-
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Vmax(t) > V max-d

= Vsp1
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No

Get Vmax(t), Vmin(t)
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Yes

No

= 

Start

(t)

Rule 1

Rule 2

Rule 3

Vlv (t-1)

Vlv

(t)Vlv

(t)Vlv

Fig. 4.5 Proposed rule-based voltage control method.

termination of optimal control inputs for optimizing the proposed rule-based voltage

control method is discussed.

4.5 DETERMINATION OF OPTIMAL CONTROL INPUTS

The optimization problem formulation for determining the optimal control inputs and

its solution method are discussed in this section.

4.5.1 Optimization Problem Formulation

The considered objective function and constraints are given as follows:

minimize f = ∑
T
t=1 ∑

Nb
i=1(V

i
l (t)−Vre f )

2. (4.9)

subjected to

1. Power balance constraint

Plv(t) =
nl

∑
i=1

Pi
l (t)+Ploss(t)−

nr

∑
j=1

P j
rc(t). (4.10)
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2. Voltage magnitudes constraint

Vmin−g <V i
l ((t)<Vmax−g (4.11)

Equation (4.9) indicates that the objective is to minimize the sum of all the residential

load bus voltage deviations from Vre f for all the times of the day. Equation (4.10)

shows the power balance constraint at LV ac bus by neglecting the power converters

loss. Equation (4.11) indicates the constraints of load bus voltage magnitudes.

4.5.2 Solving the Optimization Problem

The considered problem is an optimal power flow problem. The backward forward

sweep method is used for obtaining power flow solution. The considered objective

function is a nonlinear function. Therefore, the proposed optimal control problem is

solved using GA with ga solver in MATLAB. The method of solving the optimization

problem using GA is explained in detail in Section 2.5 of Chapter 2. The default values

are chosen for various parameters of GA, except for population size. The population

size is an important parameter to choose. Because if it is small, the convergence might

not be achieved. Therefore, population size is chosen based on the number of control

variables. In case of proposed voltage control method, there are three control variables

i.e., voltage set point 1, 2, and voltage limit difference (in case of voltage control method

of SBTSPBOC, there are two control variables i.e., voltage set point 1 and 2). Further,

in GA it is possible for different runs to provide different optimal values. Therefore, to

avoid any sub-optimal solutions and guarantee global optimum solution, the population

size is tuned such that multiple simulation runs converge precisely to the same value.

Accordingly the population size is chosen as 30 in proposed voltage control method and

chosen as 20 in voltage control method of SBTSPBOC. The control inputs correspond-

ing to the optimal decision variables i.e., V o
max−d,V

o
min−d , V o

sp1, and V o
sp2 are the optimal

control inputs of the day for the proposed rule-based voltage control method.

4.6 PERFORMANCE INDICATORS

Performance indicators such as voltage rise margin (Vrm), voltage drop margin (Vdm),

and average voltage deviation (Vavg−d) are developed to know the impact of voltage

control methods. These are explained in this section.
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Voltage Rise Margin

It is defined as the difference between the maximum voltage limit specified by the grid

code (Vmax−g) and worst maximum bus voltage in the distribution network. This is given

as

Vrm = (Vmax−g−Vwmax). (4.12)

From (4.12), Vrm can be positive or negative depending on Vwmax. The more positive

Vrm indicates a better system voltage profile (worst maximum bus voltage is close to 1.0

p.u.) and a higher possibility of increasing the PV penetration level. The negative Vrm

indicates the voltage rise violation. Therefore, for effective voltage control method, the

value of Vrm should be greater than or equal to zero (Vrm ≥ 0).

Voltage Drop Margin

It is defined as the difference between the worst minimum bus voltage in the distribution

network and minimum voltage limit specified by the grid code (Vmin−g). This is given

by

Vdm = (Vwmin−Vmin−g). (4.13)

From (4.13), Vdm can be positive or negative depending on Vwmin. The more positive

Vdm indicates a better system voltage profile (worst minimum bus voltage is close to 1.0

p.u.) and a higher possibility of increasing the loading level. The negative Vdm indicates

the voltage drop violation. Therefore, for effective voltage control method, the value of

Vdm should be greater than or equal to zero (Vdm ≥ 0).

Therefore, both Vrm and Vdm should be positive for no voltage violations in the network.

Average Voltage Deviation

It is important to maintain the voltages at all buses close to reference voltage (Vre f ) of

1.0 p.u. for all the time. A performance indicator known as average voltage deviation

is considered which is defined as the average of residential bus voltage deviations from
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1.0 p.u. over a day as given in (4.14).

Vavg−d =
∑

T
t=1 ∑

Nb
i=1|Vi(t)−Vre f |
T ×Nb

. (4.14)

For effective voltage control method, the value of Vavg−d should be low. This indicates

better system voltage profile (bus voltages are close to 1.0 p.u.).

Now, the simulation results of the proposed optimal rule-based voltage control method

are discussed in following section.

4.7 SIMULATION RESULTS

The voltage control methods are tested on the considered case study in MATLAB on a

64-bit operating system PC with a processor of Intel(R) Core(TM) i5-6500 CPU @ 3.2

GHz.

It is known that there exist both voltage rise and voltage drop issues in distribution

systems. Therefore, the proposed method is validated for following cases which cause

both voltage rise and voltage drop issues.

Case 1: During less load demand and less PV energy availability

Case 2: During more load demand and less PV energy availability

Case 3: During less load demand and more PV energy availability

Case 4: During more load demand and more PV energy availability

The loads are considered to be operating at a lagging power factor of 0.85 at all the times

of the day. The simulation results obtained for these cases are discussed as follows:

4.7.1 Case 1

In this case, the peak load power is considered as 0.2 times the rated peak load power

and peak PV power is considered as 0.2 times the installed PV power.
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Without voltage control

In this case, the LV ac bus voltage is always maintained at 1.0 p.u. as shown in Fig.

4.6(a). For this LV ac bus voltage, the resulting load bus voltage profiles over a day are

shown in Fig. 4.6(b). The Vrm, Vdm and Vavg−d are determined as 0.046 p.u., 0.033 p.u.,

and 0.005 p.u., respectively. The positive values of Vrm and Vdm indicate that there are

no voltage rise and voltage drop violations in the distribution network. This is because

in this case there is less demand and less PV power over a day.
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Fig. 4.6 Case 1 without voltage control. (a) LV ac bus voltage. (b) Load bus voltages.
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Switching between two set points based on current

For this method, the optimal voltage set points 1 and 2 are determined using GA. The

best fitness values plot of GA is shown in Fig. 4.7. The optimization is terminated

when the average change in the fitness value become less than function tolerance of

10−6. It indicates that the best fitness value is 0.002 p.u. The corresponding voltage

set points are optimal voltage set points 1 and 2 which are determined as 0.99 p.u. and

1.006 p.u. respectively. As per the voltage control method, the LV ac bus voltage is

chosen as one of these set points as shown in Fig. 4.8(a). For this LV ac bus voltage,

the resulting load bus voltage profiles over a day are shown in Fig. 4.8(b). The Vrm, Vdm

and Vavg−d are determined as 0.04 p.u., 0.04 p.u., and 0.0035 p.u., respectively. The

positive values of Vrm and Vdm indicate that there are no voltage rise and voltage drop

violations in the distribution network. The Vrm and Vdm values are more as compared

to the case of without voltage control. Moreover, the Vavg−d is less as compared to the

case of without voltage control. These indicate the improved voltage profile with the

voltage control method as compared to the case of without voltage control.
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Fig. 4.8 Case 1 with SBTSPBOC. (a) LV ac bus voltage. (b) Load bus voltages.

Proposed method

For this method, the optimal voltage set points 1, 2 and voltage limit difference are

determined using GA. The best fitness values plot of GA is shown in Fig. 4.9. The

optimization is terminated when the average change in the fitness value become less

than function tolerance of 10−6. It indicates that the best fitness value is 0.0009 p.u.
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The corresponding voltage set points and voltage limit difference are optimal voltage

set points 1, 2 and optimal voltage limit difference which are determined as 0.97 p.u.,

1.012 p.u. and 0.04 p.u., respectively. The optimal maximum and minimum voltage

limits of the day corresponding to the optimal limit difference are 1.009 p.u. and 0.99

p.u., respectively. Using these control inputs i.e., maximum/minimum voltage limits of

the day and set points, the LV ac bus voltage is maintained as per the voltage control

method as shown in Fig. 4.10(a). For this LV ac bus voltage, the resulting load bus

voltage profiles over a day are shown in Fig. 4.10(b). The Vrm, Vdm and Vavg−d are de-

termined as 0.045 p.u., 0.043 p.u., and 0.002 p.u., respectively. The positive values of

Vrm and Vdm indicate that there are no voltage rise and voltage drop violations in the dis-

tribution network. The Vrm and Vdm values are more as compared to the case of without

voltage control and voltage control method of SBTSBOC. Moreover, Vavg−d is less as

compared to the case of without voltage control and SBTSPBOC methods. These per-

formance indicators show the improved voltage profile with this voltage control method

as compared to the case of without voltage control and SBTSPBOC methods.
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Fig. 4.9 Best fitness values obtained using GA in Case 1 with proposed method.

The above discussed performance indicators for the case of without voltage control,

SBTSPBOC, and proposed methods are given in Table 4.1.
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Fig. 4.10 Case 1 with proposed method. (a) LV ac bus voltage. (b) Load bus voltages.

Table 4.1 Performance Indicators for Case 1 in p.u.

Performance indicator Without voltage control SBTSPBOC [87] Proposed

Vrm 0.046 0.044 0.045

Vdm 0.033 0.04 0.043

Vavg−d 0.005 0.0035 0.0022

4.7.2 Case 2

In this case, the peak load power is considered as the rated peak load power and peak

PV power is considered as 0.2 times the installed PV power.

Without voltage control

In this case, the LV ac bus voltage is always maintained at 1.0 p.u. as shown in Fig.

4.11(a). For this LV ac bus voltage, the resulting load bus voltage profiles over a day

are shown in Fig. 4.11(b). The Vrm, Vdm and Vavg−d are determined as 0.05 p.u., -0.04

and 0.03 p.u., respectively. The positive values of Vrm and Vdm indicate that there are no

voltage rise and voltage drop violations in the distribution network. This is because in

this case there is increased load demand as compared to Case 1.

Switching between two set points based on current

For this method, the best fitness value using GA is determined as 0.073 p.u. The corre-

sponding voltage set points are optimal voltage set points 1 and 2 which are determined
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Fig. 4.11 Case 2 without voltage control. (a) LV ac bus voltage. (b) Load bus voltages.

as 0.97 p.u. and 1.04 p.u., respectively. As per the voltage control method, the LV

ac bus voltage is chosen as one of these set points as shown in Fig. 4.12(a). For this

LV ac bus voltage, the resulting load bus voltage profiles over a day are shown in Fig.

4.12(b). The Vrm, Vdm and Vavg−d are determined as 0.016 p.u., 0.00005 p.u., and 0.02

p.u., respectively. The positive values of Vrm and Vdm indicate that there are no voltage

rise and voltage drop violations in the distribution network. The Vrm and Vdm values are

more as compared to the case of without voltage control. Moreover, the Vavg−d is less

as compared to the case of without voltage control. These indicate the improved volt-

age profile with the voltage control method as compared to the case of without voltage

control.
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Fig. 4.12 Case 2 with SBTSPBOC. (a) LV ac bus voltage. (b) Load bus voltages.
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Proposed method

For this method, the optimal voltage set points 1, 2 and voltage limit difference are

determined using GA. The best fitness value is determined as 0.038 p.u. The corre-

sponding voltage set points and voltage limit difference are optimal voltage set points

1, 2 and optimal voltage limit difference which are determined as 1.0 p.u., 1.049 p.u.,

and 0.021 p.u., respectively. The optimal maximum and minimum voltage limits of the

day corresponding to the optimal limit difference are 1.03 p.u. and 0.97 p.u., respec-

tively. Using these control inputs i.e., maximum/minimum voltage limits of the day

and set points, the LV ac bus voltage is maintained as per the voltage control method

as shown in Fig. 4.13(a). For this LV ac bus voltage, the resulting load bus voltage

profiles over a day are shown in Fig. 4.13(b). The Vrm, Vdm and Vavg−d are determined

as 0.02 p.u., 0.011 p.u., and 0.014 p.u., respectively. The positive values of Vrm and

Vdm indicate that there are no voltage rise and voltage drop violations in the distribution

network. The Vrm and Vdm values are more as compared to the case of without volt-

age control and voltage control method of SBTSBOC. Moreover, the Vavg−d is less as

compared to the case of without voltage control and SBTSPBOC methods. These per-

formance indicators show the improved voltage profile with this voltage control method

as compared to the case of without voltage control and SBTSPBOC methods.
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Fig. 4.13 Case 2 with proposed method. (a) LV ac bus voltage. (b) Load bus voltages.

The above discussed performance indicators for the case of without voltage control,

SBTSPBOC, and proposed methods are given in Table 4.2.
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Table 4.2 Performance Indicators for Case 2 in p.u.

Performance indicator Without voltage control SBTSPBOC [87] Proposed

Vrm 0.055 0.016 0.02

Vdm -0.043 0.00005 0.01

Vavg−d 0.03 0.02 0.014

4.7.3 Case 3

In this case, the peak load power is considered as 0.2 times the rated peak load power

and peak PV power is considered as the installed PV power.

Without voltage control

In this case, the LV ac bus voltage is always maintained at 1.0 p.u. as shown in Fig.

4.14(a). For this LV ac bus voltage, the resulting load bus voltage profiles over a day

are shown in Fig. 4.14(b). The Vrm, Vdm and Vavg−d are determined as -0.006 p.u., 0.033

p.u., and 0.027 p.u., respectively. The negative value of Vrm indicates that there are

voltage rise violations in the distribution network. However, the positive value of Vdm

indicates that there are no voltage drop violations in the distribution network. This is

because in this case there is increased PV power available as compared to Case 1.
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Fig. 4.14 Case 3 without voltage control. (a) LV ac bus voltage. (b) Load bus voltages.

Switching between two set points based on current

For this method, the best fitness value using GA is determined as 0.015 p.u. The corre-

sponding voltage set points are optimal voltage set points 1 and 2 which are determined
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as 0.98 p.u., and 1.008 p.u., respectively. As per the voltage control method, the LV

ac bus voltage is chosen as one of these set points as shown in Fig. 4.15(a). For this

LV ac bus voltage, the resulting load bus voltage profiles over a day are shown in Fig.

4.15(b). The Vrm, Vdm and Vavg−d are determined as 0.0127 p.u., 0.03 p.u., and 0.009

p.u., respectively. The positive values of Vrm and Vdm indicate that there are no voltage

rise and voltage drop violations in the distribution network. The Vrm and Vdm values are

more as compared to the case of without voltage control. Moreover, the Vavg−d is less

as compared to the case of without voltage control. These indicate the improved volt-

age profile with the voltage control method as compared to the case of without voltage

control.
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Fig. 4.15 Case 3 with SBTSPBOC. (a) LV ac bus voltage. (b) Load bus voltages.

Proposed method

For this method, the optimal voltage set points 1, 2 and voltage limit difference are

determined using GA. The best fitness value is determined as 0.0078 p.u. The corre-

sponding voltage set points and voltage limit difference are optimal voltage set points 1,

2 and optimal voltage limit difference which are determined as 0.97 p.u., 1.006 p.u. and

0.032 p.u., respectively. The optimal maximum and minimum voltage limits of the day

corresponding to the optimal limit difference are 1.02 p.u. and 0.98 p.u., respectively.

Using these control inputs i.e., maximum/minimum voltage limits of the day and set

points, the LV ac bus voltage is maintained as per the voltage control method as shown

in Fig. 4.16(a). For this LV ac bus voltage, the resulting load bus voltage profiles over

a day are shown in Fig. 4.16(b). The Vrm, Vdm and Vavg−d are determined as 0.023 p.u.,
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0.03 p.u., and 0.006 p.u., respectively. The positive values of Vrm and Vdm indicate that

there are no voltage rise and voltage drop violations in the distribution network. The Vrm

and Vdm values are more as compared to the case of without voltage control and voltage

control method of SBTSBOC. Moreover, the Vavg−d is less as compared to the case of

without voltage control and SBTSPBOC methods. These performance indicators show

the improved voltage profile with this voltage control method as compared to the case

of without voltage control and SBTSPBOC methods.
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Fig. 4.16 Case 3 with proposed method. (a) LV ac bus voltage. (b) Load bus voltages.

The above discussed performance indicators for the case of without voltage control,

SBTSPBOC, and proposed methods are given in Table 4.3.

Table 4.3 Performance Indicators for Case 3 in p.u.

Performance indicator Without voltage control SBTSPBOC [87] Proposed

Vrm -0.006 0.013 0.023

Vdm 0.033 0.03 0.03

Vavg−d 0.027 0.009 0.006

4.7.4 Case 4

In this case, the peak load power is considered as the rated peak load power and peak

PV power is considered as the installed PV power.
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Without voltage control

In this case, the LV ac bus voltage is always maintained at 1.0 p.u. as shown in Fig.

4.17(a). For this LV ac bus voltage, the resulting load bus voltage profiles over a day

are shown in Fig. 4.17(b).
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Fig. 4.17 Case 4 without voltage control. (a) LV ac bus voltage. (b) Load bus voltages.

The Vrm, Vdm and Vavg−d are determined as 0.029 p.u., -0.043 p.u., and 0.025 p.u., re-

spectively. The positive value of Vrm indicates that there are no voltage rise violations

in the distribution network. This is because in this case the more PV power is compen-

sated with the more load power. However, the negative value of Vdm indicates that there

are voltage drop violations in the distribution network. This is because during the peak

load hours there is no PV power available for compensation.

Switching between two set points based on current

For this method, the best fitness value using GA is determined as 0.065 p.u. The corre-

sponding voltage set points are optimal voltage set points 1 and 2 which are determined

as 0.99 p.u. and 1.04 p.u. respectively. As per the voltage control method, the LV

ac bus voltage is chosen as one of these set points as shown in Fig. 4.18(a). For this

LV ac bus voltage, the resulting load bus voltage profiles over a day are shown in Fig.

4.18(b). The Vrm, Vdm and Vavg−d are determined as 0.013 p.u., 0.00005 p.u., and 0.02

p.u., respectively. The positive values of Vrm and Vdm indicate that there are no voltage

rise and voltage drop violations in the distribution network. The Vrm and Vdm values are

more as compared to the case of without voltage control. Moreover, the Vavg−d is less

as compared to the case of without voltage control. These indicate the improved volt-
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age profile with the voltage control method as compared to the case of without voltage

control.
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Fig. 4.18 Case 4 with SBTSPBOC. (a) LV ac bus voltage. (b) Load bus voltages.

Proposed method

For this method, the optimal voltage set points 1, 2 and voltage limit difference are de-

termined using GA. The best fitness value is determined as 0.03 p.u. The corresponding

voltage set points and voltage limit difference are optimal voltage set points 1, 2 and

optimal voltage limit difference which are determined as 0.99 p.u., 1.05 p.u., and 0.008

p.u., respectively. The optimal maximum and minimum voltage limits of the day corre-

sponding to the optimal limit difference are 1.042p.u. and 0.96 p.u., respectively. Using

these control inputs i.e., maximum/minimum voltage limits of the day and set points,

the LV ac bus voltage is maintained as per the voltage control method as shown in Fig.

4.19(a). For this LV ac bus voltage, the resulting load bus voltage profiles over a day

are shown in Fig. 4.19(b). The Vrm, Vdm and Vavg−d are determined as 0.03 p.u., 0.012

p.u., and 0.012 p.u., respectively. The positive values of Vrm and Vdm indicate that there

are no voltage rise and voltage drop violations in the distribution network. The Vrm and

Vdm values are more as compared to the case of without voltage control and voltage

control method of SBTSBOC. Moreover, the Vavg−d is less as compared to the case of

without voltage control and SBTSPBOC methods. These performance indicators show

the improved voltage profile with this voltage control method as compared to the case

of without voltage control and SBTSPBOC methods. The above discussed performance

indicators for the case of without voltage control, SBTSPBOC, and proposed methods
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Fig. 4.19 Case 4 with proposed method. (a) LV ac bus voltage. (b) Load bus voltages.

are given in Table 4.4.

Table 4.4 Performance Indicators for Case 4 in p.u.

Performance indicator Without voltage control SBTSPBOC [87] Proposed

Vrm 0.03 0.013 0.03

Vdm -0.04 0.00005 0.01

Vavg−d 0.025 0.02 0.012

4.8 CONCLUSIONS

In this chapter, an optimal rule-based voltage control method is proposed considering

maximum and minimum voltages limits of the day. The proposed method is tested

for different possible cases of load and PV power profiles. The proposed method is

compared with the method of switching between two set points based on current. The

obtained results have shown that the voltage rise and voltage drop margins are more

with proposed method as compared to switching between two set points based on cur-

rent in all the cases. This indicates that the PV penetration and loading levels in distri-

bution network can be increased to a higher level with proposed method as compared

to switching between two set points based on current. Further, it is observed that the

average voltage deviation reduction in the range of 20.33%-67.78% is achieved us-

ing the switching between two set points based on current with respect to the case of

no voltage control. However, the average voltage deviation reduction in the range of
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51.63%-75.56% is achieved using the proposed method with respect to the case of no

voltage control. This indicates that the voltage profile is significantly improved with the

proposed method as compared to switching between two set points based on current.

111

TH-2971_176102004



TH-2971_176102004



CHAPTER 5

OPTIMAL RULE-BASED PEAK SHAVING ALONG

WITH VOLTAGE CONTROL AND ITS IMPACT ON

ISOLATED DG-BESS-PV-WIND DISTRIBUTION

SYSTEM

In Chapter 2, the optimal rule-based peak shaving method is proposed considering the

day-ahead load and PV power profiles as inputs. The grid peak power over a day is

minimized while optimally controlling BESS irrespective of the energy price profiles

i.e., the energy price is not considered as input while controlling the BESS. In Chapter 3,

the optimal rule-based DR method is proposed considering the day-ahead energy price

(both buying and selling energy price) profiles along with load and PV power profiles

as inputs. The energy consumption cost over a day is minimized while controlling the

BESS. In both the Chapters 2 and 3, the LV ac bus voltage is maintained at 1.0 p.u.

irrespective of the load and RES power variation over a day. To show the impact of

optimal control of LV ac bus voltage, an optimal rule-based voltage control method is

proposed in Chapter 4 considering the day-ahead load and PV power profiles as inputs.

The voltage deviation over a day is minimized while controlling LV ac bus voltage using

a back-to-back converter as smart power converter. In Chapters 2-4, the possibility of

reactive power control in LV distribution systems is not discussed. Moreover, the energy

management control methods are proposed and tested on grid-connected systems.

In this chapter, to show the impact of optimal control of the BESS along with the op-

timal control of LV ac bus voltage, and reactive power control of RES converters, an

isolated distribution system is considered. The isolated MGs are important to support

the loads which are not connected to utility grid supply [167]. The isolated MGs depend

on DGs for power supply due to their low installation cost, simple and reliable opera-

tion. However, the high operating cost is the main disadvantage of DGs which depends

on its fuel consumption. The use of RESs and BESSs is encouraged to avoid high op-

erating cost of DGs [168]. In DG based systems, it is not sufficient to reduce the power
TH-2971_176102004



requirement of the system in order to reduce the fuel consumption of DG. Because the

fuel consumption depends on the rating of DG along with the power requirement [16].

The rating of DG can be reduced by the peak shaving method. Therefore, it is possible

to reduce the fuel consumption of DG using proposed peak shaving method. However,

there are certain limitations in the proposed rule-based peak shaving method which is

discussed in Chapter 2 as given follows.

1. The battery charge/discharge efficiencies and its power limits are not considered

while determining the control inputs and formulating the rules of the proposed

control method.

2. The load and RES powers are used as different inputs for deciding the charge and

discharge modes of the battery. Accordingly, the control inputs are determined

and the rules of the peak shaving method are formulated. These are not applicable

when there is only one input power such as net load power at a bus is available

(e.g. DG supplying the LV ac bus power requirement).

Consideration of charge/discharge efficiencies, power limits of the battery, and avail-

ability of one input power requires modifications to the rule-based peak shaving method

as discussed in Chapter 2. Accordingly, in this chapter the modified rule-based peak

shaving method is discussed i.e., the charge/discharge modes of the battery, the control

inputs and the rules of the peak shaving method are modified. Further, the impact of the

peak shaving method in a DG supplied MG is not discussed in the existing literature.

To fill this research gap, the impact of the proposed peak shaving method on DG rating,

fuel consumption of DG, and self consumption rate of the system is presented in this

chapter. In summary, the contributions of this chapter are as follows:

1. To propose an optimal rule-based peak shaving method using BESS while mini-

mizing the LV ac bus power using smart power converters.

2. To know the impact of the proposed optimal rule-based peak shaving method on

the DG rating, fuel consumption of DG over a day and self consumption rate of

the system.

The remainder of the chapter is organized as follows: The chosen system is described

in Section 5.1. Then, the overview of the proposed control is presented in Section 5.2.
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Later, the slave level optimization for minimizing LV ac bus demand is explained in

Section 5.3. The determination of operating modes of the battery and control inputs

of the rule-based peak shaving method is discussed in Section 5.4. Further, the deter-

mination of battery schedules and optimal control inputs is explained in Section 5.5

and 5.6, respectively. The results and conclusions are presented in Section 5.7 and 5.8,

respectively.

5.1 SYSTEM DESCRIPTION

The chosen isolated DG supplied MG system is shown in Fig 5.1. The MG represents

the modified CIGRE residential distribution system [169], [157]. The resistance and

reactance of lines are chosen as per [157]. The different components of the system are

discussed as follows:

1. Loads: There are different residential loads L1-L5 connected at bus 7, 8, 9, 10

and 11, respectively. The constant power loads are considered with an operating

power factor of 0.85 lagging.

2. Renewable energy sources: Wind power sources Wind 1, Wind 2 and Wind 3 are

present at bus 8, 9 and 11, respectively. The PV source is connected at bus 10.

These RESs are connected through power converters to the load terminals. The

dc/ac power converters which are used to connect RESs to the LV ac system i.e.,

WC1, WC2, PVC and WC3 are considered as RES converters. The RES convert-

ers are operated in grid-following mode to maintain the required active/reactive

powers. The active power of the RES converters i.e., P j
rc is considered the same as

the maximum power point (MPP) power available from the RESs. The Q j
rc is cho-

sen optimally which will be discussed in following sections. The power balance

equation at the LV ac bus with load and RES converters powers is given in (5.1).

Plv(t) =
nl

∑
i=1

Pi
l (t)+Ploss(t)−

nr

∑
j=1

P j
rc(t) (5.1)

where t represents the time interval [(t−1)×Tc, t×Tc] with Tc = 1 hour. The Plv

is used for obtaining LV ac bus power demand and injecting powers.
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Fig. 5.1 Isolated DG supplied MG system .

The Plvd is given in (5.2),

Plvd(t) = Plv(t), Plv > 0

= 0, otherwise.
(5.2)

The Plvi is given in (5.3),

Plvi(t) =−Plv(t), Plv ≤ 0

= 0, otherwise.
(5.3)

3. Back-to-back converter: The back-to-back converter operating in grid forming

mode is used to maintain the voltage and frequency at the LV ac bus as per the

requirement. In this chapter, the LV ac bus voltage is optimally controlled. This
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will be discussed in following sections.

4. Battery energy storage system: The battery is connected at the PCC i.e., dc

bus of the back-to-back converter through a dc-dc converter. This converter is

considered to be operating in grid following mode to maintain its power as per the

required charge/discharge schedules. The Pb is given as follows:

Pb(t) =−Pb−c(t)/ec, ∀t ∈ tc

= Pb−d(t)× ed, ∀t ∈ td.
(5.4)

The charge/discharge schedules of the battery are obtained optimally using the

proposed optimal rule-based peak shaving method.

5. Diesel generator: The DG is used for balancing the deficit demand of the distri-

bution system. It is connected to ac/dc converter of the back-to-back converter.

The bus to which DG is connected is called as DG bus. The DG bus power i.e.,

Pdgb(t) is determined by

Pdgb(t) = Plv(t)−Pb(t). (5.5)

The Pdg is calculated using Pdgb as follows:

Pdg(t) = Pdgb(t), Pdgb > 0

= 0, otherwise.
(5.6)

The fuel consumption of DG is given as

FCdg(t) = (a×Pdg(t))+(b×Pdg−r) (5.7)

where a and b are chosen as 0.246 L/kWh and 0.08415 L/kWh, respectively [113].

6. Pumped hydro storage: If there is injected power available at DG bus, it can not

be taken by the DG. In general, the excess power available in the system is sent to

either a dump load or any storage device if available in isolated MGs. Since the

dump load is a combination of resistors, its usage leads to the wastage of excess

power. To avoid this, it is assumed that PHS is available to take care of the excess

power [170]. The PHS is charged with the excess power available in the system

after the optimal utilization of the battery. The PHS power depends on DG bus
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power (difference between distribution system power requirement and the battery

power) as given in (5.8),

Pphs(t) =−Pdgb(t), Pdgb ≤ 0

= 0, otherwise.
(5.8)

The detailed operation and discharging phenomenon of PHS is not the scope of

this work.

Now, the overview of the proposed peak shaving method in the chosen islanding DG

supplied residential distribution system is discussed as follows:

5.2 OVERVIEW OF THE PROPOSED PEAK SHAVING METHOD

The overview of the proposed control is shown in Fig. 5.2. It includes various steps to

realize the minimization of peak DG power which are discussed as follows:

1. The first step is the day-ahead forecasting of load and RES powers. The day-ahead

forecasts of load and RES powers are required to determine the optimal LV ac

bus powers. In recent years, several studies have been conducted for forecasting

load and RESs power [142]. Data driven approaches for forecasting the RES

and load power values have gained popularity due to the increased availability of

monitoring data [143]. This monitoring data mainly includes weather forecast and

historical energy usage data. Therefore, using the data driven approaches such as

statistical and machine learning methods, the required day-ahead load and RESs

power can be forecasted [144]. In this work, it is assumed that these forecasts

are available. All the powers defined in this work are obtained using these day-

ahead forecasts which are further used to determine the day-ahead schedules of

the battery.

2. The second step is the slave level optimization. It is used to minimize the LV

ac bus power while controlling the LV ac bus voltage and reactive power of RES

converters at each time of the forecast horizon i.e., one day (T = 24 h). This

is performed for the whole day in order to obtain the LV ac bus power curve

over the day. The constraints of the optimization problem are load bus voltage
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magnitudes and RES converter ratings. Therefore, the slave level optimization

helps in maintaining the load bus voltages within the grid code limits at all the

times of the day. Moreover, the minimization of LV ac bus power through slave

level optimization leads to the reduction of the power drawn from the DG which

helps in the reduction of peak DG power.
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3. The third step is the determination of the operating modes of the battery and con-

trol inputs for rule-based peak shaving method. These are determined using the

LV ac bus power curve of the day which is obtained through slave level optimiza-

tion. The operating modes of the battery are chosen such that peak DG power is

limited to the LV ac bus demand limit. The LV ac bus demand limit is defined as

the optimal LV ac bus demand above which DG is not used to supply power to the

system.

The control inputs for rule-based peak shaving are determined such that they de-

pend on a control variable known as the dischargeable energy of the battery. The

dischargeable energy of the battery is defined as the amount of energy that can be

discharged from the battery over the forecast horizon without violating its power

and SoC constraints. In this scenario, there exists a dischargeable energy of the

battery which results in minimum peak power over a day. It means that the control

inputs of rule-based peak shaving method are same for the whole day correspond-

ing to the dischargeable energy of the battery of that particular day. This indicates

that the control inputs have to be determined only once per day.

4. The fourth step is the determination of the battery schedules using the rules of

peak shaving method. The rules are formulated based on the control inputs which

are obtained in Step 3 to decide the charge/discharge schedules of the battery over

a day.

5. The fifth step is the master level optimization. It minimizes the peak DG power

while controlling the dischargeable energy of the battery. The control inputs cor-

responding to the optimal dischargeable energy of the battery are considered as

the optimal control inputs for rule-based peak shaving method.

From the aforementioned Steps 1-5, it can be seen that the master level optimization has

to be done only once per day whereas the slave level optimization is performed twenty

four times per day (for hourly dispatch of the battery). Also, it is not possible to solve

master level optimization problem without the knowledge of the slave level optimiza-

tion results of whole day. Therefore, the master and slave level problems cannot be

formulated as a single optimization problem as they are two separate problems which

do not involve any decomposition.

These steps of the proposed method are discussed in detail in following sections.
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5.3 SLAVE LEVEL OPTIMIZATION

In this level, the LV ac bus voltage and RES converters are optimally controlled to

minimize the power requirement of the LV ac bus for each time of the day. The objective

function is given in (5.9) and constraints are given from (5.10)-(5.13).

minimize f = ∑
nl
i=1 Pi

l (t)+Ploss(t)−∑
nr
j=1 P j

rc(t). (5.9)

subjected to

1. Power balance constraint

Plv(t) =
nl

∑
i=1

Pi
l (t)+Ploss(t)−

nr

∑
j=1

P j
rc(t). (5.10)

2. Bus voltages constraint

Vmin ≤V i
l (t)≤Vmax. (5.11)

3. RES converters constraints

p frc−min ≤ p f j
rc(t)≤ 1. (5.12)

√
(P j

rc(t))2 +(Q j
rc(t))2 ≤ S j

rc−r. (5.13)

The objective function is chosen as to minimize the power drawn from the LV ac bus

as given in (5.9). Equation (5.10) shows the power balance constraint at the LV ac

bus neglecting power converters losses. Equation (5.11) indicates the load bus voltage

magnitude constraint. The Vmin and Vmax are chosen as 0.95 p.u. and 1.05 p.u., respec-

tively. The constraints of power factor and kVA rating of RES converters are presented

in (5.12) and (5.13), respectively. The p frc−min is chosen as 0.8. Note that the line

thermal limits are not incorporated in optimization problem. They are assumed to be

satisfied since the normal operation of the system is considered in this work without

any contingencies.

The considered objective function is a nonlinear function. Therefore, the proposed

optimal control problem is solved using GA with ga solver in MATLAB. The method
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of solving the optimization problem using GA is explained in detail in Section 2.5 of

Chapter 2. The default values are chosen for various parameters of GA, except for

population size. The population size is an important parameter to choose. Because

if it is small, the convergence might not be achieved. Therefore, population size is

chosen based on the number of control variables. There are five control variables in this

optimization i.e., the LV ac bus voltage and reactive power of RES converters. Further,

in GA it is possible for different runs to provide different optimal values. Therefore, to

avoid any sub-optimal solutions and guarantee global optimum solution the population

size is tuned such that multiple simulation runs converge precisely to the same value

and chosen as 50.

The control variable Vlv is chosen as follows:

0.95≤Vlv(t)≤ 1.05. (5.14)

The control variables Q j
rc are chosen as

0≤ Q j
rc ≤ (tan(cos−1(p frc−min))×S j

rc−r). (5.15)

The GA provides the optimal control variables and thereby optimal LV ac bus power

values as output. These optimal LV ac bus power values obtained over a day are used

to determine the operating modes of the battery and control inputs of the proposed rule-

based peak shaving method as discussed in following section.

5.4 DETERMINATION OF OPERATING MODES OF THE BAT-

TERY AND CONTROL INPUTS

The method of determination of operating modes of the battery and control inputs for

rule-based peak shaving method are discussed in this section.

5.4.1 Operating Modes

There are two operating modes as discussed follows:
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1. Discharging Mode: In order to limit DG power to LV ac bus demand limit, the

battery should be discharged whenever the optimal LV ac bus demand is more

than the LV ac bus demand limit. Therefore, the discharging mode is during the

time td when Po
lvd(t)> Plvdl .

2. Charging Mode: It is possible to charge the battery whenever the optimal LV ac

bus demand is less than the LV ac bus demand limit. Therefore, charging mode

is during the time tc when Po
lvd(t)≤ Plvdl .

Now, the determination of control inputs of the rule-based peak shaving method based

on the operating modes of the battery is discussed as follows:

5.4.2 Control Inputs

The required control inputs for the proposed rule-based peak shaving method are de-

termined using the optimal LV ac bus power values obtained from the slave level opti-

mization. The sequential order of determining these control inputs is shown in Fig. 5.3.

The determination process of these control inputs is discussed as follows:

Start

Determine LV ac bus bus demand limit

Determine required energy for charging 
battery over a day (Eb-c )

Determine available optimal LV ac injected energy to 
            charge battery over a day (Eo

 lvi -c )

< Eb-c

Determine available DG energy to charge
battery over a day (Edg-c)

No

Determine LV ac bus feed-limit
Yes

Determine coefficient of DG energy(Cdg)

End

Eo
lvi -c

Fig. 5.3 The sequential process of determination of control inputs.
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LV ac bus demand limit

In order to limit Pdg(t) to Plvdl , the battery has to supply the required power of (Po
lvd(t)−

Plvdl) during discharging mode. However, considering discharging power limit, battery

discharge power is given as

Pb−d(t) = (Po
lvd(t)−Plvdl)/ed,(Po

lvd(t)−Plvdl)≤ Pb−dl

= Pb−dl,(Po
lvd(t)−Plvdl)> Pb−dl

(5.16)

Then, required energy to be discharged by the battery is determined as

Eb−d =
T

∑
t=1

Pb−d(t)×Tc. (5.17)

Now, the LV ac bus demand limit is determined such that the energy to be discharged

by the battery is equal to the dischargeable energy of the battery i.e.,

Eb−d = E∗b−d. (5.18)

Here, the dischargeable energy of the battery is considered as a control variable which

varies between 0 kWh and Eb−r.

0≤ E∗b−d ≤ Eb−r. (5.19)

From this range, E∗b−d is chosen optimally through the master level optimization which

will be discussed in following section. Substituting (5.17) in (5.18) gives

T

∑
t=1

Pb−d(t)×Tc−E∗b−d = 0. (5.20)

Equation (5.20) is in the form of f (Plvdl) = 0, with Plvdl as independent variable. It

means that the problem of finding the LV ac bus demand limit becomes a root finding

problem. In order to solve this, regula falsi method is used. The applied regula falsi

method to determine Pdl is shown as a flowchart in Fig. 5.4.

According to the regula falsi method, the initial LV ac demand limits Plvdl1, Plvdl2 are

chosen such that f (Plvdl1) is positive and f (Plvdl2) is negative. Then, Plvdl0 is deter-
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mined as follows:

Plvdl0 =
1
m
(0− f (Plvdl1))+Plvdl1, where

m =
f (Plvdl2)− f (Plvdl1)

(Plvdl2−Plvdl1)
.

(5.21)

Then, f (Plvdl0) is determined. When | f (Plvdl0)|< e, Plvdl0 is considered as Plvdl . When

| f (Plvdl0|> e, either Plvdl1 is replaced by Plvdl0 (if f (Plvdl0)> 0) or Plvdl2 is replaced by

Plvdl0 (if f (Plvdl0)< 0). Then, the above process is continued till Plvdl0 becomes Plvdl .

End
No

Yes

No

Determine Plvdl1 ,Plvdl2 such that f(Plvdl1) is  
positive and f(Plvdl2 ) is negative 

Determine f(Plvdl0 )

|f(Plvdl0 )| < e

f(Plvdl0 ) > 0

= Plvdl0

Plvdl = Plvdl0

f(Plvdl2 )-f(Plvdl1

(Plvdl2 -Plvdl1
m =

1
m

Start

(0-f(Plvdl1))+Plvdl1Pdl0 =

Yes

)
)

Plvdl2= Plvdl0 Plvdl1

Fig. 5.4 Determination of the LV ac bus demand limit using regula falsi method.

Required energy for charging the battery over a day

For flexible day-to-day management of the battery, it has to be charged with same en-

ergy that is to be discharged by the battery. Therefore, required energy for charging the

battery is equal to energy to be discharged by the battery over a day as given follows:

Eb−c = Eb−d = E∗b−d. (5.22)
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Available optimal LV ac bus injected energy to charge the battery over a day

The required energy for charging the battery has to come either from the LV ac bus

or DG. Firstly, available optimal LV ac bus injected energy to charge the battery is

calculated. If it is not sufficient, then only available DG energy to charge the battery is

determined and used for charging the battery. During tc, the complete Po
lvi is available

for charging the battery as the optimal LV ac bus demand is less than the LV ac bus

demand limit. However, considering the charging power limit, the available optimal LV

ac bus injected power to charge the battery is given in (5.23),

Po
lvi−c(t) = Po

lvi(t),P
o
lvi(t)≤ Pb−cl

= Pl
b−c,P

o
lvi(t)> Pb−cl.

(5.23)

Then, available optimal LV ac bus injected energy to charge the battery is determined

as given in (5.24),

Eo
lvi−c =

T

∑
t=1

Po
lvi−c(t)×Tc (5.24)

Available DG energy to charge the battery over a day

When Eo
lvi−c < Eb−c, the deficit energy required for completely charging the battery is

supplied by DG. Since DG power has to be limited to the LV ac bus demand limit, the

available DG power to charge the battery is equal to Plvdl subtracted by Po
lvd(t) which is

given as

Pdg−c(t) = Plvdl−Po
lvd(t),∀t ∈ tc

= 0, otherwise.
(5.25)

Then, available DG energy to charge the battery is determined using

Edg−c =
T

∑
t=1

Pdg−c(t)×Tc. (5.26)
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Coefficient of DG energy to charge the battery

When Eo
lvi−c < Eb−c, the DG has to supply only the deficit energy of Eo

lvi−c−Eb−c over

a day to the battery for flexible day-to-day management. It means that the total available

DG energy for charging the battery is not required to be supplied to the battery. In this

case, a coefficient known as coefficient of DG energy to charge the battery (Cdg) is

considered which is determined as follows:

CdgEdg−c = Eb−c−Eo
lvi−c

Cdg =
Eb−c−Eo

lvi−c

Edg−c
.

(5.27)

LV ac bus feed-in limit

When Eo
lvi−c ≥ Eb−c, the complete available optimal LV ac bus injected energy is not

required to be used for charging the battery. In this case, an LV ac bus feed-in limit

is considered. This LV ac bus feed-in limit is the available optimal LV ac bus injected

power to charge the battery below which the battery charging is not done. It means that

the available optimal LV ac bus injected power is not used to charge the battery when-

ever Po
lvi−c(t)≤ Plv f il . Therefore, the battery is charged with Po

lvi−c(t)−Plv f il whenever

Po
lvi−c(t)> Plv f il during tc i.e.,

∑(Po
lvi−c(t)−Plv f il)×Tc = Eb−c,∀t ∈ tc&&tlvim f (5.28)

where symbol ‘&&’ indicates logical AND operator. Then,

∑(Po
lvi−c(t)−Plv f il)×Tc−Eb−c = 0,∀t ∈ tc&&tlvim f . (5.29)

Equation (5.29) is in form of f (Plv f il) = 0, where

f (Plv f il) = ∑(Po
lvi−c(t)−Plv f il)×Tc−Eb−c,∀t ∈ tc&&tlvim f . (5.30)

In (5.29), Plv f il is an independent variable. It is solved using the root finding algorithm

of the regula falsi method which is similar to the determination of LV ac demand limit.

This is shown in Fig. 5.5
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End
No

Yes

No

Determine Plvfil1 ,Plvfil2 such that f(Plvfil1) is
positive and f(Plvdl2 ) is negative

Determine f(Plvfil0 )

|f(Plvfil0 )| < e

f(Plvdl0 ) > 0

= Plvfil0

Plvfil = Plvfil0

f(Plvfil2 )-f(Plvfil1

(Plvfil2 -Plvfil1
m =

1
m

Start

(0-f(Plvfil1))+Plvfil1Pdl0 =

Yes

)
)

Plvfil2= Plvfil0 Plvfil1

Fig. 5.5 Determination of the LV ac bus feed-in limit using regula falsi method.

Firstly, initial LV ac bus feed-in limits Plv f il1, Plv f il2 are chosen such that f (Plv f il1) is

positive and f (Plv f il2) is negative. Then, Plv f il0 is determined as follows:

Plv f il0 =
1
m
(0− f (Plv f il1))+Plv f il1, where

m =
f (Plv f il2)− f (Plv f il1)

(Plv f il2−Plv f il1)
.

(5.31)

Then, f (Plv f il0) is determined. When | f (Plv f il0)| < e, Plv f il0 is considered as Plv f il .

When | f (Plv f il0| > e, either Plv f il1 is replaced by Plv f il0 (if f (Plv f il0) > 0) or Plv f il2 is

replaced by Plv f il0 (if f (Plv f il0) < 0). Then, the above process is continued till Plv f il0

becomes Plv f il .

Now, the determination of battery schedules using the rules of proposed peak shaving

method is explained in following section.

5.5 DETERMINATION OF THE BATTERY SCHEDULES US-

ING THE RULES OF PEAK SHAVING METHOD

The rules to determine the charge/discharge schedules of the battery are formulated

to limit DG power and pumped hydro storage power to the corresponding LV ac bus

demand and feed-in limits, respectively. The formulated rules are shown as flowchart
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in Fig. 5.6. These rules are discussed as follows:

Rule 1: During td , the battery discharges by the amount Pb−d(t) as per (5.16) to limit

Pdg to Plvdl .

Rule 2: During tc, if Eo
lvi−c ≤ Eb−c both the optimal LV ac bus injected power and

DG power are used to charge the battery i.e., Pb−c(t) = Po
lvi−c−b(t)+Pdg−c−b(t). Here

Po
lvi−c−b(t) = Po

lvi−c(t) and Pdg−c−b(t) =CdgPdg−c(t) as per (5.23) and (5.27).

Rule 3: During tc, if Eo
lvi−c > Eb−c&&Po

lvi−c(t)> Plv f il , only the optimal LV ac bus in-

jected power is used to charge the battery i.e., Pb−c(t) = Po
lvi−c−b(t). Here Po

lvi−c−b(t) =

Po
lvi−c(t)−Plv f il as per (5.23) and definition of the LV ac bus feed-in limit.

Rule 4: During tc, if Eo
lvi−c > Eb−c&&Po

lvi−c(t) ≤ Plv f il , the battery is not charged by

either the optimal LV ac bus injected power or DG power i.e., Pb−c(t) = 0 as per the

definition of the LV ac bus feed-in limit.

≤ E b-c

Plvi (t) > 
No

Yes

Plvd (t) ≤ Plvdl

Plvfil

E

Start

Battery discharges  

Battery charges 

Battery charges 

Battery is not charged as per Rule 4 

as per Rule 1

as per Rule 2 

Yes

as per Rule 3

Yes

No

No
lvi-c

o

o o

o

Fig. 5.6 Determination of the battery charge/discharge schedules using the proposed
rule-based peak shaving method.

The SoC of the battery during discharging and charging modes is calculated using

coulomb-counting method [146].

Now, the master level optimization which is used for determining the optimal control

inputs for the rule-based peak shaving method is discussed as follows:
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5.6 MASTER LEVEL OPTIMIZATION

In this level, the optimal control inputs are determined to minimize the peak power of

DG. The objective function is given in (5.32) and constraints are given from (5.33)-

(5.37),

minimize f = Pdg−peak = maximum(Pdg(t)). (5.32)

subjected to

1. Power balance constraint

Pdgb(t)+Pb(t) = Plv(t). (5.33)

2. Battery SoC Constraints

SoCl ≤ SoC(t)≤ SoCu,SoC f = SoCi. (5.34)

3. Battery charge/discharge power constraints

Pb−c(t)≤ Pb−cl,Pb−d(t)≤ Pl
b−d. (5.35)

4. Battery energy capacity constraint

E∗b−d ≤ Eb−r. (5.36)

5. Constraint of available energy to charge the battery

Edg−c +Eo
lvi−c ≥ Eb−c. (5.37)

Equation (5.33) gives the power balance constraint. Equation (5.34) indicates the con-

straints of SoC limits of the battery and the flexible day-to-day operation of the bat-

tery. The SoC of the battery is calculated using coulomb counting method [147], [148].

Equation (5.35) indicates the constraints of charge/discharge powers of the battery, re-

spectively. Equation (5.36) indicates that dischargeable energy of battery should be less

than the battery energy capacity. Equation (5.37) shows that the sum of the available

grid and PV energies to charge the battery should be more than or equal to the required

energy for charging the battery.

The E∗b−d is considered as a control variable, since the control inputs of the peak shaving

method depend on E∗b−d . Note that determination of fitness function requires the DG
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powers over a day, which are determined using (5.6) and (5.33). For obtaining the

battery schedules the proposed rules are used. The considered fitness function is non

linear. Therefore, GA is used to solve the optimization problem as discussed earlier.

The population size is tuned such that multiple simulation runs converge precisely to

the same value and chosen as 20. This population size is less as there is only one

control variable in this optimization problem. The solution of this optimization problem

provides optimal dischargeable energy of the battery and thus optimal control inputs of

the peak shaving method.

Now, the simulation results of the proposed optimal rule-based peak shaving method

are discussed in following section.

5.7 SIMULATION RESULTS

The simulation results are obtained using MATLAB on a 64-bit operating system PC

with a processor of Intel(R) Core(TM) i5-6500 CPU @ 3.2 GHz. The fuel consumption

of DG depends on DG rating. Therefore, the rating of DG is determined by testing the

proposed peak shaving method in worst case scenario as discussed follows.

5.7.1 Diesel Generator Rating

In general the rating of a device is chosen based on the worst operating conditions. In

the proposed control, the DG is used to balance the deficit load demand (load demand

that is not supplied by the RESs). The BESS is employed for peak shaving purpose

while supplying the deficit load demand along with DG. Moreover, BESS involves

energy capacity rating. In this scenario, the worst operating conditions occur when

the daily deficit load demand is maximum, and individual load demands are such that

their peak power values coincide over the day. In order to reflect this scenario, it is

considered that RES converters does not supply any power over the entire day. Further,

load profiles are considered such that all the loads are operating at its peak during 9:00

and 12:00 hours over a day [141]. In this case the total load power is shown in Fig.

5.7(a). The total energy of load demand over the day is 2010 kWh. Note that the DG

rating is determined without considering any contingencies. The obtained results during
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this scenario are discussed as follows:
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Fig. 5.7 Slave level optimization while determining the rating of DG. (a) Total load
power . (b) LV ac bus voltage. (c) Minimum load bus voltage. (d) Optimal LV ac bus
power.

Optimal LV ac bus powers over the day

In this level the optimal LV ac bus power values over a day are determined. The de-

termined optimal LV ac bus voltage (V o
lv) is 1.05 p.u. for all the times as shown in Fig.

5.7(b). This is because there is no RES converters power in this case. In this situation

there will be only voltage drop scenario. Therefore, the minimum load bus voltage pro-

file which is occurring at L5 is shown in Fig. 5.7(c). The load bus voltages are above

0.95 p.u. which indicates that there are no voltage drop violations. The resulting opti-

mal LV ac bus power values are shown in Fig. 5.7(d). It indicates that the peak optimal

LV ac bus power is 189.02 kW.

Optimal control inputs of the rule-based peak shaving method

The optimal LV ac bus power values obtained from the slave level optimization are used

as inputs to the rule-based peak shaving method. Using these LV ac bus power values,
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Table 5.1 Battery Parameters

Parameter Value Parameter Value

ec 0.95 SoCl/SoCu 0.2/0.9

ed 0.95 SoCi 0.5

Eb−r 400 kWh Pb−cl 100 kW

Vb−r 120 V Pl
b−d 100 kW

the optimal control inputs are obtained with the help of master level optimization. The

best fitness values are obtained for multiple runs of GA as shown in Fig. 5.8. It shows

that the minimum value for all the runs is equal to 137.82 kW which is the optimal

peak DG power (Po
dg−peak). The optimal dischargeable energy of the battery is found

to be 194.84 kWh. The corresponding control inputs i.e., optimal LV ac bus demand

limit, energy required for charging battery, available LV ac bus injected energy to charge

battery, available DG energy to charge battery, and coefficient of DG energy to charge

battery (Po
lvdl , Eo

b−c, Eo
lvi−c, Eo

dg−c, and Co
dg) are calculated as 137.82 kW, 194.84 kWh,

0 kWh, 1380.6 kWh and 0.14, respectively. The feed-in limit (Po
lv f il) is not applicable

in this case as there is no injected LV ac bus power available.
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Fig. 5.8 Best fitness values obtained using GA with master level optimization while
determining the rating of DG.

Battery schedules and diesel generator powers over the day

The optimal LV ac bus powers are shown in Fig. 5.9(a). The resulting charge/discharge

schedules of the battery corresponding to the LV ac bus powers along with its SoC are
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shown in Fig. 5.9(b). This shows that the battery power and SoC are maintained within

their limits. Moreover, SoC at the end of the day is maintained equal to the SoC of start

of the day to ensure flexible day to day management of the battery. The resulting DG
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Fig. 5.9 Master level optimization while determining the rating of DG. (a) LV ac bus
power. (b) Charge/discharge powers and SoC of the battery. (c) DG power.

power is shown in Fig 5.9(c). This shows that the DG power is limited to Po
lvdl of 137.82

kW which justifies the proposed peak shaving method. This peak DG power which is

obtained in worst operating conditions is considered as the DG rating.

The rule-based methods discussed in literature [42], [100], [127], [128], [133] have

validated their algorithms for various possible scenarios as per their proposed method.

As per the proposed peak shaving method in this chapter, two different possible cases

exist considering the RESs characteristics. The first case is when the available optimal

LV ac bus injected energy to charge the battery is less than or equal to required energy

to charge the battery over a day. The second case is when the available optimal LV ac

bus injected energy to charge the battery is more than the required energy to charge the

battery over a day. The results of the optimal rule-based control for the first possible

case are verified while determining the rating of DG. In order to verify the second case

and show the impact of the proposed peak shaving method on fuel consumption of DG

and self consumption rate of the system a case study is considered as given follows.
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5.7.2 Case Study

The performance of the proposed method is tested in this case considering the day-

ahead forecasts of load and RES powers as inputs. The day-ahead load powers are

considered such that they are operating at half of their peak loads during 9:00 and 12:00

hours of the day. The total energy of the load demand over the day is 1005 kWh. The

day-ahead RES powers are considered such that they are operating at their installed

capacities during their maximum power generation hours. The total energy of the RESs

over the day is 1165.5 kWh . The total load power and RESs power profiles are shown

in Fig. 5.10(a) [141], [166]. The obtained results are discussed as follows:
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Optimal LV ac bus powers over the day

The determined optimal LV ac bus voltage and reactive powers of RES converters (V o
lv

and Qo j
rc ) are shown in the Fig. 5.10(b) and (c) , respectively. These indicate that the

voltage at the LV ac bus and reactive power supplied by RES converters are controlled

as per the variation of load and RESs power. For this case there will be both voltage rise

and voltage drop conditions due to the presence of RESs power. Therefore, all the load

bus voltage profiles are shown in Fig. 5.10(d). This indicates that there are no voltage

drop and voltage rise violations as load bus voltages are within 0.95 p.u. and 1.05 p.u.

at all the hours of the day. The resulting optimal LV ac bus power values over a day are

shown in Fig. 5.10(e). It indicates that the peak optimal LV ac bus power is 54.19 kW.

Optimal control inputs of the rule-based peak shaving method

Using this optimal LV ac bus power profile, the determined optimal control inputs i.e.,

optimal LV ac bus demand limit, energy required for charging battery, available LV ac

bus injected energy to charge battery, and LV ac bus feed-in limit (Po
lvdl , Eo

b−c, Eo
lvi−c

and Po
lv f il) are 0.19 kW, 277.11 kWh, 415.45 kWh and 9.20 kW, respectively. In this

case Eo
lvi−c is more than Eo

b−c. Therefore, available DG energy to charge battery and

coefficient of DG energy to charge battery (Eo
dg−c and Co

g−c) are not applicable.

Battery schedules and diesel generator powers over the day

The optimal LV ac bus powers are shown in Fig. 5.11(a). The resulting charge/discharge

schedules of the battery corresponding to the LV ac bus powers along with its SoC are

shown in Fig. 5.11(b). This shows that the battery power and SoC are maintained within

their limits. Moreover, SoC at the end of the day is maintained equal to the SoC of start

of the day to ensure flexible day to day management of the battery. The resulting DG

power is shown in Fig 5.11(c). This shows that the DG power is limited to Po
lvdl of 0.19

kW. The resulting PHS power is shown in Fig. 5.11(d). This shows that the PHS power

is limited to Po
lv f il of 9.21 kW. This justifies the proposed peak shaving method.
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Fig. 5.11 Master level optimization during the case study analysis. (a) LV ac bus
power. (b) Charge/discharge powers and SoC of the battery. (c) DG power. (d) PHS
power.

5.7.3 Performance Indicators

The performance indicators of DG rating, fuel consumption of DG over the day, and

self consumption rate of the system are considered as discussed follows.

Diesel generator rating

The comparison of the DG rating with respect to base case (when there is no minimiza-

tion of the LV ac bus power and no peak shaving method) and with respect to the case

when there is only LV ac bus power minimization without peak shaving method [91]–

[94] is given in Table 5.2. It shows that the DG rating is 190.7 kW for base case and

189.02 kW with only LV ac bus power minimization without peak shaving method. This

indicates that the DG power rating is reduced by 27.09% with the proposed peak shav-

ing method as compared to the case when there is only LV ac bus power minimization.
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Table 5.2 Diesel Generator Rating

Method Pdg−r (kW)

Base case 190.7
Minimization of LV ac bus power

without the peak shaving [91]–[94]
189.02

Minimization of LV ac bus power
along with the proposed peak shaving

137.82

Fuel consumption of diesel generator over the day

The total fuel consumption of DG over a day is calculated as follows:

T FCdg =
T

∑
t=1

[(a×Pdg(t))+(b×Pdg−r)]. (5.38)

The quantitative comparison considering T FCdg is shown in Table 5.3. It shows that

the T FCdg without the minimization of LV ac bus power and without the peak shaving

method is 451.5 L. The T FCdg with only LV ac bus power minimization without the

peak shaving method is 446.88 L. However, with LV ac bus power minimization and

the proposed peak shaving method T FCdg is calculated as 278.72 L. This indicates that

the fuel consumption is reduced by 37.63% with the proposed peak shaving method as

compared to the case when there is only LV ac bus power minimization.

Self consumption rate

Self consumption rate is defined as the ratio of self consumed RESs energy and total

generated RESs energy [171] i.e.,

SCR =
Er−Ephs

Er
. (5.39)

The quantitative comparison considering SCR is shown in Table 5.3. It shows that the

SCR without minimization of LV ac bus power and without the peak shaving method

is calculated as 0.6453. The SCR with only LV ac bus power minimization without

the peak shaving method is 0.6436. However, with LV ac bus power minimization
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and the proposed peak shaving method SCR is calculated as 0.9. This indicates that

the fuel consumption is reduced by 38.88% with the proposed peak shaving method as

compared to the case when there is only LV ac bus power minimization.

Table 5.3 Fuel Consumption and Self Consumption Rate for Case Study

Method T FCdg (L) SCR

Base case 451.5 64.53%
Minimization of LV ac bus powers
without the peak shaving [91]–[94]

446.88 64.36%

Minimization of LV ac bus powers
along with the proposed peak shaving

278.72 90%

5.8 CONCLUSIONS

In this chapter, peak shaving is achieved using optimal control of battery energy stor-

age in diesel generator supplied isolated microgrid. The low voltage ac bus power

requirement is minimized through a slave level optimization and the rule-based control

is optimized through a master level optimization. It is observed that the diesel genera-

tor rating is reduced by 27.09% with the proposed peak shaving method as compared

to the case when there is only low voltage ac bus demand minimization. Further, it is

observed that the fuel consumption of diesel generator is reduced by 37.63% and self

consumption rate is increased by 38.88% with the proposed peak shaving method as

compared to the case when there is only low voltage ac bus power minimization.
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CHAPTER 6

CONCLUSIONS

6.1 SUMMARY OF THE THESIS WORK

The integration of distributed energy resources causes new challenges such as increased

customer expectations and requirements for supporting bi-directional energy flow. The

energy management and voltage control play an important role in dealing with these

challenges of modern power systems. The battery energy storage and smart power con-

verters are widely used to implement the energy management and voltage control ap-

plications. Therefore, this thesis is dedicated to the development of optimal rule-based

methods for peak shaving, demand response, and voltage control applications using the

battery energy storage systems and smart power converters. The proposed methods are

tested in MATLAB for different possible cases and their impact is analyzed through var-

ious performance indicators of the system. The contributions of the thesis work are sum-

marized as given in Table 6.1 and discussed as follows. It shows that the proposed peak

shaving and DR methods are implemented using the battery charge/discharge power

control capability whereas the proposed voltage control is implemented using the LV

ac bus voltage control capability. Further, the proposed peak shaving is modified while

minimizing the LV ac bus power using the battery charge/discharge power, LV ac bus

voltage, and reactive power of RES converters control capabilities.

These contributions and their major findings are explained as follows.

• A novel optimal rule-based peak shaving method is proposed considering both

demand and feed-in limits together to minimize the peak grid power over a day.

The proposed method is tested on the considered PV-BESS system and validated

in MATLAB. It is observed that the grid demand and feed-in powers are limited

to the corresponding optimal demand and feed-in limits of the day, respectively

while maintaining the flexible day-to-day management of the battery. The peak

grid power reduction in the range of 28.67-55.66% is achieved through the pro-

posed method with respect to the case when there is no PV-BESS.
TH-2971_176102004
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• A novel optimal rule-based demand response method is proposed considering

both buying and selling price profiles together to minimize the energy consump-

tion cost over a day. The proposed method is tested on the considered PV-BESS

system and validated in MATLAB. It is observed that the energy buying and

selling prices are limited to the corresponding optimal energy buying and sell-

ing price limits of the day, respectively while maintaining the flexible day-to-day

management of the battery. The energy consumption cost reduction in the range

of 5.4-34.09% is achieved through the proposed method with respect to the case

when there is no PV-BESS.

• A novel optimal rule-based voltage control method is proposed using the max-

imum and minimum load bus voltages to minimize the voltage deviation of the

low voltage ac distribution system over a day. The proposed optimal rule-based

voltage control method is tested on the considered distribution system with high

penetration of photovoltaic sources and validated in MATLAB. It is observed that

the voltage profile is improved with the proposed voltage control method. In case

if the control inputs are chosen based on direct axis low voltage ac bus current, the

average voltage deviation reduction in the range of 20.33%-67.78% is achieved

with respect to the case when there is no voltage control. In case if the control

inputs are chosen as per the proposed method, the average voltage deviation re-

duction in the range of 51.63%-75.56% is achieved with respect to the case when

there is no voltage control.

• The proposed optimal rule-based peak shaving method is modified to apply in

a diesel generator supplied isolated low voltage ac distribution system and its

impact is presented. This modified optimal rule-based peak shaving method is

tested on the considered isolated distribution system and validated in MATLAB.

It is observed that the diesel generator rating can be reduced by 27.09% with

the proposed peak shaving method as compared to the case when there is no

peak shaving control. Further, it is observed that the fuel consumption of diesel

generator is reduced by 37.63% and self consumption rate is increased by 38.88%

with the proposed peak shaving method as compared to the case when there is no

peak shaving control.

• All these proposed optimal rule-based energy management and voltage control
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methods are simple and easy to implement in real-time. Because, the implemen-

tation of these methods does not require the optimization problem to be solved

at each time of the day. The rule-based methods are optimized by determining

the control inputs optimally before the start of a day using the knowledge of

day-ahead forecasts of that particular day. These optimal control inputs are deter-

mined only once per day which are same for the whole day. During the real-time

operation, the required output (e.g. battery charge/discharge power, low voltage

ac bus voltage and reactive power references of renewable energy source convert-

ers) over a day corresponding to the base inputs (e.g. load, PV power, and energy

price) is obtained automatically using the optimal control inputs and rules of the

proposed method.

6.2 FUTURE SCOPE OF THE WORK

The performance of the proposed optimal rule-based energy management and voltage

control methods depends on the accuracy of the day ahead forecasts. In this thesis, it

is assumed that the available day ahead forecasts are perfect. It means that the forecast

errors in the load, renewable energy source powers, and energy prices are not consid-

ered. In case if the actual load, RES powers and energy prices are different from the

day-ahead forecasts due to forecast errors, desired performance of the proposed meth-

ods may not be achieved (e.g. in case of peak shaving, the peak power may not be

limited to the optimal demand limit and flexible day-to-day management of the battery

may not be maintained). Further, the cost-benefit analysis of implementing proposed

methods in real-time with the installations of battery energy storage systems and smart

power converters has to be performed. This cost benefit analysis requires the detailed

modelling of the systems components as well as the detailed analysis of the benefits

associated with the proposed rule-base methods.

Therefore, to know the impact of forecast errors on the performance of the proposed op-

timal rule-based methods, developing the real-time implementation strategies to avoid

the impacts of forecast errors, and the cost benefit analysis of real-time implementation

of the proposed methods are the future scope of this work.
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APPENDIX A

LINE DATA OF CIGRE RESIDENTIAL

DISTRIBUTION NETWORK

The line data i.e., the resistance and reactance values of the lines of the CIGRE residen-

tial distribution network is given in Table A.1 [172].

Table A.1 Line Data of CIGRE Residential Distribution Network .

From line-to line R (ohm/km) X (ohm/km)

1-2 0.284 0.083

2-3 0.284 0.083

3-4 0.284 0.083

4-5 0.284 0.083

5-6 0.284 0.083

2-7 3.69 0.094

3-8 0.497 0.086

4-9 0.871 0.081

5-10 0.871 0.081

6-11 0.38 0.082

This line data is used for obtaining power flow solution which is required for determin-

ing the bus voltages, power losses, and power flows of lines.

TH-2971_176102004



TH-2971_176102004



APPENDIX B

PERFORMANCE OF PROPOSED ENERGY

MANAGEMENT APPLICATIONS FOR DIFFERENT

CONTROL HORIZON

In the chapters discussed in the thesis, the control horizon is considered as 1 hour. In

order to show the impact of changing control horizon on performance of proposed rule-

based methods, a control horizon of 15 minutes is considered. The obtained results

for the modified control horizon are presented for rue-based peak shaving and demand

response methods which are discussed in Chapter 2 and 3, respectively.

B.1 Performance of Proposed Peak Shaving Method

To show the impact of changing control horizon, the Case 1 i.e., winter load profile

with more PV energy availability is considered as discussed in Chapter 2. The optimal

dischargeable energy of the battery is found to be 5.54 kWh. The optimal control inputs

i.e., optimal demand limit, energy required for charging battery, available PV energy

to charge battery, and feed-in limit are 1.73 kW, 5.54 kWh, 5.7 kWh and 0.035 kW,

respectively. The optimal control inputs for different Tc values are shown in Table B.1.

It is observed that the optimal control inputs are not significantly changed as compared

to the case of control horizon of 1 hour which are discussed in Section 2.6.1 of chapter

2. This is due to the fact that the objective function of peak grid power involves only

grid power. Therefore, the change in optimal control input values is not significant.

The load power, PV power, battery power, SoC of battery, and grid power profiles

are shown in Fig. B.1(a)-(d) for the control horizon of 15 minutes. It is observed

that the grid powers are limited to the optimal demand and feed-in limits of the day

while maintaining the flexible day-to-day management of the battery. This validates the

proposed peak shaving method.
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Table B.1 Optimal Control Inputs

Input parameter Tc=1 hour Tc=15 minutes

Po
dl (kW) 1.72 1.73

Eo
b−c (kWh) 5.46 5.54

Eo
pv−c (kWh) 5.69 5.7

Eo
g−c (kWh) NA NA

Co
g NA NA

Po
f il (kW) 0.05 0.035

B.2 Performance of Proposed Demand Response Method

To show the impact of changing control horizon, the Case 1 i.e., more PV energy avail-

ability over a day is considered as discussed in Chapter 3. The optimal buying price

limit is found to be 8.30 INR. The corresponding optimal control inputs i.e., optimal

energy required for charging battery, available PV energy to charge battery, and energy

selling price limit are 8.80 kWh, 23.87 kWh and 6.74 INR, respectively. The optimal

control inputs for different Tc values are shown in Table B.2. It is observed that the

optimal control inputs are slightly different as compared to the case of control horizon

of 1 hour which are discussed in Section 3.6.1 of chapter 3. This is because here in

this case the energy buying and selling price are also considered as input along with

the load and PV powers. Moreover, the objective function i.e., the energy consumption

cost involves the terms of energy buying price, energy selling price, grid demand and

injection power. Due to the presence of more number of variables in objective function,

the change in optimal control input values is significant. The energy buying and selling

price, load power, PV power, battery power, SoC of battery, and grid power profiles are

shown in Fig. B.2(a)-(e) for the control horizon of 15 minutes. From the grid power,

it is observed that the energy buying and selling prices are limited to their correspond-

ing optimal limits of the day with flexible day-to-day management of the battery. This

validates the proposed DR method.
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Fig. B.1 Case 1 for Tc= 15 minutes. (a) Load and PV power profiles. (b)
Charge/discharge schedules of the battery. (c) SoC of the battery. (d) Grid power.

Table B.2 Optimal Control Inputs

Input parameter Tc=1 hour Tc=15 minutes

EPo
bl (INR) 8.23 8.30

Eo
b−c (kWh) 7.13 8.8

Eo
pv−c (kWh) 27.6 23.87

Eo
g−c (kWh) NA NA

EPo
sbl (INR) NA NA

EPo
sl (INR) 6.43 6.74
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