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ABSTRACT This paper presents a modified and novel form of the conventional short-term hydrothermal
scheduling problem by incorporating the effects of adding the photovoltaic energy source to the conventional
grid. A photovoltaic energy source is intermittent in nature, therefore, to determine the optimal power
contribution of the photovoltaic source towards the economic dispatch problem, a detailed strategy is
presented in this paper. The proposed design method includes the forecasting of the photovoltaic system’s
parameters using the Auto-Regressive Integrated Moving Average (ARIMA) model. The analytical model
is developed based on the fractional integral polynomials for studying the characteristics of the single
photovoltaic module. The optimization of power allocation in the system consisting of conventional and
non-conventional energy sources is highly non-linear and classical deterministic methods can not be
guaranteed to determine the optimal solution for economic power dispatch. The global optima of such
non-linear and non-convex problems can be determined using swarm-based intelligence techniques. This
paper presents accelerated particle swarm optimization and the firefly algorithm to determine a solution for
short-term non-linear scheduling problems. The multiple test cases have been presented to demonstrate the
effectiveness of the proposed solution over classical methods. The overall generation cost of the selected
hybrid system is reduced using the proposed methods while meeting the generation constraints of each
energy source. Moreover, due to the stochastic nature of the meta-heuristic techniques, a comprehensive
statistical comparison, based on the independent T-test results, is also presented to highlight the algorithm
which performs better for selected scheduling problems. It has been demonstrated that accelerated particle
swarm optimization gives lower mean generation cost of the system whereas the execution time of the firefly
algorithm is better compared to its counterpart.

INDEX TERMS Mathematical modeling, auto-regressive integrated moving average model, accelerated
particle swarm optimization, firefly algorithm, short term hydrothermal scheduling, independent t-test.

I. INTRODUCTION

A. PROBLEM STATEMENT

The renewable energy systems are now being extensively
used in addition to the conventional sources in order to meet
the load demand over the entire scheduling period due to their
sustainable and environmental friendly nature [1]-[3]. The
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problem of the coordination between the different types of
energy resources is a major task for planning engineers and
the research is still in progress for optimal utilization of all
these resources such that the sum of the power contribution
from all these resources equals the load demand over the par-
ticular scheduling interval while meeting the certain genera-
tion constraints of each energy source [4]-[6]. The problem
of the coordination of these energy resources also known as
the Economic Dispatch (ED) problem in the context is of the
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special interest in the field of optimization theory. A num-
ber of deterministic as well as the swarm based intelligence
techniques are being explored by the researchers over the past
few years to find the optimal solution of this particular opti-
mization problem [7], [8]. The two major conventional energy
resources being used are the thermal energy source and the
hydroelectric source each having its own possible generation
constraints. The economic dispatch problem including these
two conventional sources is known as the Short Term Hydro-
thermal Scheduling (STHTS) problem in literature.

B. LITERATURE REVIEW
There are number of techniques discussed in the literature
which find the optimal solution of the aforementioned prob-
lem. The work in [9] solves the short term hydrothermal
scheduling problem while using the genetic algorithm and
involves the future and immediate cost functions for the
comparison purposes. The genetic algorithm (GA) proposed
in this research outperforms the techniques like dynamic
programming and lagrangian relaxation method for a test
case which consists of ten thermal and eleven hydroelectric
sources. The work in [10] solves the hydrothermal scheduling
problem using the fuzzy technique by considering the multi-
objective function which includes both the fuel and the emis-
sion cost of the thermal generation. The work in [11] suggests
the cascaded connection of the reservoirs in the hydrothermal
scheduling problem and the valve point effect for the ther-
mal generation and solves the proposed problem using the
Particle Swarm Optimization (PSO) algorithm. The work in
[12] addresses the same problem while considering the valve
point effect for the thermal generation. In [12], the author uses
the Teaching Learning based Optimization (TLBO) technique
and compares its performance with the techniques like APSO,
Evolutionary technique (ET) and Hybrid Differential Evolu-
tion (HDE) method. The suggested technique outperforms the
remaining methods in the terms of the convergence of the
algorithm towards the minimum generation cost. The work
in [13] uses the evolutionary programming techniques while
considering the valve point effect and the prohibited operat-
ing zones constraint. The author suggests the Gaussian and
Cauchy mutation based evolutionary programming methods
to solve the multiple test cases and compares the performance
of these different techniques. The work in [14] uses the
Cuckoo Search Algorithm (CSA) to solve the hydrothermal
scheduling problem while considering the valve point effect
and the transmission losses of the system. The author com-
pares the performance of the CSA with the genetic algorithm
and concludes that CSA outperforms the genetic algorithms.
The work in [15] uses the hybrid abc-bat algorithm for finding
the optimal solution of the proposed scheduling problem
and compares its performance with the other hybrid tech-
niques like hybrid PSO. Similarly, s [16]-[18] discuss the
hydrothermal scheduling problem using different techniques
while considering the multiple generation constraints.

All the above mentioned work contributes effectively
towards solution of the conventional short term hydrothermal

177550

scheduling problem by using the different algorithms but with
the increasing number of the distributed generation systems
being integrated to the grid, the problem of adjusting these
renewable energy sources with the conventional ones is of the
special interest and the research is still in progress to develop
the certain scenarios in order to compensate the inclusion
of these renewable energy resources to the existing systems.
The thermal solar economic dispatch has been discussed in
the literature using the different optimization techniques. The
work in [19] considers the system which consists of mul-
tiple solar units integrated with the thermal generation and
uses the mixed integer programming to solve the proposed
problem. The two cases are explored by the authors, the first
attempts to increase the solar share towards the dispatch
problem while the second decreases the cost of the solar
power generation. The work in [20] considers the wind and
photovoltaic sources in addition to the conventional sources
and uses the mixed integer programming technique to solve
the problem. The forecasted wind and solar power curves
are used for the dispatch problem while considering the two
cases. The first case excludes the hydro energy source while
finding the optimal dispatch of the thermal and renewable
energy sources to meet the load demand. The second case
includes the hydro and pumped energy storage in addition
to the renewable and thermal sources. The work in [21]
uses the robust optimization technique to solve the dispatch
problem and uses the hybrid energy system which consists of
the conventional (thermal and hydro) and non conventional
sources (wind and solar) as the test case. It minimizes the
total generation cost while considering the intermittent nature
of the renewable sources. The work in [22] uses the firefly
algorithm and solves the economic dispatch problem while
considering the wind and solar sources. The authors formu-
late an objective function which includes the solar, wind and
thermal generation cost while considering the penalty costs
for compensating the uncertainty of the power output of the
non conventional sources. The work in [23] uses the firefly
algorithm and solves the economic dispatch problem while
considering the wind and solar sources. The authors formu-
late an objective function which includes the solar, wind
and thermal generation cost while considering the penalty
costs for compensating the uncertainty of the power output
of the non conventional sources. Similarly, [24]-[26] find the
combined economic dispatch of the conventional and non-
conventional energy resources.

C. RESEARCH GAP AND CONTRIBUTIONS

The mentioned references consider the renewable energy
resources mostly with the thermal generation alone. The
STHTS problem has not been discussed extensively with
the renewable sources. Moreover, majority of the work uses
the forecasted wind and solar power for different scheduling
intervals without using the real time data and providing the
sufficient mathematical details. In majority of the mentioned
references, the comparison between the two algorithms for
a particular problem is carried out without providing any
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statistical analysis. In order to overcome this research gap,
the major contributions of this research are as follows:

1) Propose a modified form of the short term hydrother-
mal scheduling problem by adding the PV energy
source to the grid.

2) To make the problem more practical, use the real time
data for the input parameters of the PV system and fore-
cast the day ahead irradiance and temperature levels
using ARIMA model.

3) Suggest a comprehensive PV system design to predict
the solar power share using the forecasted parameters
and developed mathematical model for PV module.

4) Implement the APSO and Firefly techniques for the
suggested problem for multiple test cases while con-
sidering the various generation constraints.

5) Use the independent t-test results to statistically com-
pare the performance of the two algorithms

The remaining paper is organized as follows. The
Section 2 describes the overview of algorithms and the
proposed system configuration. The Section 3 describes
the photovoltaic system design. The Section 4 describes
the methodology and the results for various test cases.
The Section 5 presents the statistical comparison of algo-
rithms. The Section 6 concludes the findings of the proposed
research.

Il. OVERVIEW OF META-HEURISTIC ALGORITHMS AND
PROPOSED MODEL

The application of the meta-heuristic algorithms in determin-
ing the optimal solution of the various complex optimization
problems is increasing due to their stochastic and determinis-
tic ability. Moreover, they also help to find good approximate
to global solution of such complex optimization problems.
In most applications, the objective function is highly non-
linear, multi-modal or complex in nature and it becomes
difficult to find the global optimum of such functions using
the classical deterministic techniques like Newton Method,
Gradient method or Lagrange multiplier method. The swarm
based intelligence techniques are useful in such circum-
stances and provide a solution of such complex problems
which is quite near to the global optimum and reduce the
computational effort by a significant factor. A number of
such algorithms have been described in the literature and
the research is still in progress in order to improve their
performance. The suggested techniques, the APSO and the
Firefly algorithm are easier to implement and give promising
results in the terms of finding the global optimum of various
complex optimization problems [27]—-[29].

A. FIREFLY ALGORITHM

The firefly algorithm is based on the behavior of the fireflies
in nature. The brightness of the fireflies is the major phe-
nomenon which dictates the working of this algorithm and its
convergence towards the optimal solution. The fireflies form
the possible solution set of the given optimization problem
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and the dimensions of each firefly are dictated by the number
of the decision variables of the objective function. The light
intensity or the brightness of the fireflies depends upon the
distance between the two fireflies [30]-[32] and is given by
the inverse square law as follows:

Fy
Fr)=-3 ey

where, F, is the light intensity at distance r from source
and F; represents the source intensity. If the light absorption
coefficient of the medium is defined by y,s, then we can
define the intensity of the fireflies by (2).

F = Foe_)’absr 2)

In order to avoid the singularity for » = 0 in (1), we can
combine the above two equations to define the light intensity
F in the terms of the distance r and absorption coefficient
Vabs as follows:

F(r) = Fye 7" 3)

where, F, is the light intensity for » = 0. We can define the
attractiveness of the fireflies 8 by the following two relations:

B = Poe V" @)
_ B
p= 1+ )’abs"2 ®)

We can represent the characteristic distance by ¢ which
defines the attractiveness value to be equal to B,/e for
(4) or B,/2 for (5). In most cases, the attractiveness is taken
to be the decreasing function defined by (7).

1
— 6
; A/ Yabs ( )
B = Boe VB (n=1) )

In order to compute the distance between the two fireflies
m and n, the distance relation is given in (8). For a two
dimensional space having coordinates A and B, the distance
relation is given in (9).

D
Do = X = Xall = | Y Xmi = Xu)>  (8)

=1
Do = (A — An) + (B — Bp)?)? )

where, X,,, ; represents the ith component of the X;,, coordinate
of the firefly m. The movement of the firefly m towards the
brighter firefly » is given by the update relation in (10).

Xpn = Xy + Boe V05 (X, — Xp) + a(rand — 0.5) (10)

where, « is in the range [0,1] and rand represents the random
numbers generated in the range [0,1]. In most of the cases
we can take the value of S, to be equal to 1. The value
of yups for most of the optimization problems is usually
given in the range [0.1,10]. The selection of the absorption
coefficient y,ps is extremely important for the performance
of the firefly algorithm and the convergence of the algorithm
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towards the optimal solution depends upon its proper tuning.
For example, if we take the value of y,, to be equal to zero
then we have B = f,. In other words the light intensity or the
attractiveness remains constant and does not decrease in the
medium and is independent of the medium’s absorption coef-
ficient y,4ps. On the other hand if we take y,5; — 00, then the
process becomes a random process. Therefore, we have to
optimally select the value of y,;s with in these two extremes
to optimize the behavior of the algorithm for the given opti-
mization problem [33].

B. ACCELERATED PARTICLE SWARM OPTIMIZATION

Particle Swarm Optimization (PSO) is another powerful
swarm based algorithm which has extensively been used by
many researchers to find the optimal solution of the different
optimization problems. The possible solutions of the given
objective function known as the particles in this case are
generated randomly and the position of these particles is
updated using the certain update rules. The dimensions of
the particles again depend upon the number of the decision
variables involved in the concerned objective function. This
algorithm is based upon the behavior of the swarm and uses
the similar concept to reach towards the optimal solution of
the given optimization problem. The two major components
which influence the movement of the particles towards the
optimal solution are the particle’s own best position X; and
the global best position g’ among all the particles [11], [34].
The velocity component V; and the position component X; of
the i particle are updated using the following relations:

VI = VI L e © (¢ — X)) +oncr © (X] — X!)  (11)
X+ = x! v (12)

where, constants ¢; and ¢; are randomly generated in the
range [0,1]. The constants o1 and o are known as the accel-
eration constants. The sum of these constants is given as
Ziz:l a; = 4 where both the constants are assumed to be
equal to 2. In (11), we can introduce the inertia constant  to
further improve the movement of the particles and hence the
update equation for the velocity component after introducing
the inertia constant is given as:

VI = wV! +ajc; © (8 — XD +aer © (X] — X!)  (13)

where the inertia weight w is given in the range of 0 to 1. The
typical value of w for most cases is usually from 0.5 to 0.9.
Accelerated Particle Swarm Optimization is a well known
variant of the conventional PSO algorithm which uses only
the global best position g’ to further improve the convergence
behavior of the algorithm. Therefore, the velocity component
and the position component in the case of the APSO are given
as follows:

VIt = VIt ai(c) — 0.5) + aa(g’ — Xi) (14)
X1 = X!y (15)
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The single update equation for APSO can be written by
(16) to further improve the performance of algorithm.

X = (1 — X! +a2g’ +ei(c1 —0.5)  (16)

In the case of APSO, the values of «; and & are usually
0.2 and 0.5 respectively. The random part of the APSO can
be taken as the decreasing function to further improve the
algorithm’s performance. The decreasing function for the
randomness can be written as follow:

ar = apf’ (17

The range of B is given as (0,1) and the initial value for
o can be taken with in the range [0.5,1]. The steps of the
APSO and Firefly algorithm will be further elaborated using
the proposed problem in the later sections.

C. SYSTEM CONFIGURATION

The proposed system configuration consists of one hydro-
electric energy source, one equivalent thermal generation and
one equivalent solar energy source of the given rated capacity.
Fig 1 shows the equivalent model of the proposed system. The
main objective of the hydrothermal scheduling problem is to
minimize the fuel cost of the thermal plant without violat-
ing the system constraints. The concerned dispatch problem
consists of nine different scheduling intervals each of equal
duration (one hour). The load is considered to be dynamic
in nature with each scheduling interval having different load
demand. The next section covers the detailed analysis of the
PV design which is the first step in solving the suggested
dispatch problem.

ill. PHOTOVOLTAIC SYSTEM DESIGN

The first step to find the economic dispatch of the suggested
hybrid energy system is to find the power contribution of
the PV source for different scheduling intervals. The output
power of the PV source is fluctuating in nature and depends
upon the external atmospheric parameters (irradiance and
temperature levels). In order to accurately predict the PV
source power share towards the dispatch problem, following
design steps as shown in Fig. 1 are suggested:

1) Develop the mathematical model for single PV module
to show the effect of major input parameters of PV
system on the IV characteristics and the power curves
of the module.

2) Forecast the major atmospheric parameters using the
ARIMA model. The forecasted parameters will be used
as an input for the mathematical model developed for
the PV system to determine the optimal solar power.

3) Find the solar power for different scheduling intervals
using the developed mathematical model and the fore-
casted parameters.

A. MATHEMATICAL MODELING OF PV MODULE
A number of the mathematical models have been discussed
in the literature which model the behavior of the photovoltaic
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FIGURE 1.

module and its dependence on the atmospheric conditions
[35], [36]. The mathematical model is developed in accor-
dance with [37] to find the power contribution of the PV
system by modeling the characteristics of a single PV module.
The two major parameters for determining the characteristics
of the PV module are the Irradiance and the Temperature
levels. The proposed model takes into account these variable
parameters and determines the I-V characteristics and the
power curves of the PV module under the changing atmo-
spheric conditions. The relation given by (18) determines the
current of the PV module as the voltage function given as
follows:

)y=1, -1 (—)“*ﬂ

UC

(13)
where, I;. represents the PV module short circuit current at
arbitrary irradiance and temperature level. U} represents the
PV module open circuit voltage at arbitrary irradiance and
temperature level. U is the output voltage of the module given
in the range 0 < U < U, I represents the output current of
the module given in the range 0 <1 < [/.. @ + B represnts
the sum of a non-negative integer o and an integer 8 in the
range 0 < B < 1. The power of the photovoltaic module is
determined by the product of the output voltage U and the
current of the module as the function of the voltage /(U) and
is given in (19).

PWU)=IU).U =, — I, (— U etsyy

0 (19)

Equation 18 shows the dependence of the current / on the

three major parameters, U, I, and « + 8 sum. In order to
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determine these parameters the relations (20)-(22) are used.

E
U;C = 5. TCV (T — Tstc) + Upax
Esrc
Umax OC
—(Unax — Unmin)- N/ 20
(Unmax — Upin)-exp( Esre n( U — Ui ) (20)
E
I}, = pi.——(Isc + TCI (T — Tsrc)) 1)
Esrc
a+pB= _te (22)
Isc - Iapt

where, s; represents the number of series connected modules.
pi represents the number of parallel connected modules. Es7c
and Tsrc are the irradiance and temperature values at Stan-
dard Test Conditions (STC). E and T are the given irradiance
and temperature values. Uy, and U, are the maximum
and minimum voltage values of the PV module. U, and
Iop are the optimal voltage and current values of the PV
module. TCV represents the temperature coefficient value
for open circuit voltage V,.. TCI represents the temperature
coefficient value for short circuit current ;.. At standard test
conditions, the parameters U,. and I}, are equal to the PV
module rated parameters, U, and /.. In order to determine
the validity of the proposed model, the standard parameters
of the PV module are listed in Table 1.

The IV characteristics and the power curves are obtained
for multiple test cases which includes the testing of the model
at STC, variable irradiance levels, variable temperature levels
and at both changing temperature and irradiance levels. Fig. 2
shows the performance of the model at STC. Fig. 3 shows the
IV characteristics of module at different conditions.
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TABLE 1. Parameters used for the validation of the proposed model.

Parameter Type  Value of Parameter

Ise 4.80 A
Uoc 21.8V
TCV -0.077 V/°C
TCI 0.00206 A/°C
Uopt 17V
Topt 44 A
Umaa: 22.2 V
Prax T8 W
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A X787
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(b)

FIGURE 2. Mathematical model results at standard test conditions. (a) I-V
characteristics. (b) Power curve.

It is evident from the Fig. 3 that by increasing irradiance
levels, while keeping temperature constant, the short circuit
current of the module increases while the open circuit voltage
only changes by a small factor. On the other hand, the open
circuit voltage of the module decreases at the higher tempera-
ture levels while keeping the irradiance constant. Fig. 4 shows
the power curves of the module at changing atmospheric
conditions.

The maximum power of the module increases as the irra-
diance levels are increased while keeping the temperature
constant. On the other hand, the higher temperature levels
decrease the maximum power output of the PV module if the
irradiance is kept constant as shown in Fig. 4.

B. IRRADIANCE FORECASTING USING BOX JENKINS
METHODOLOGY

The next step in the design of the PV system is to forecast
the irradiance and temperature values for different scheduling

177554
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FIGURE 3. IV characteristics of the PV module at variable atmospheric
conditions. (a) I-V characteristics at variable irradiance levels. (b) I-V
characteristics at variable temperature levels. (c) I-V characteristics at
variable temperature and irradiance levels.

intervals. A number of stochastic models and the machine
learning techniques have been used by the researchers to
develop the time series forecasts. One of these methods
known as the Auto-Regressive Integrated Moving Average
model provides reliable time series forecasts in literature [38],
[39] and the same technique is adopted in this research to
forecast the required parameters. This section only provides
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FIGURE 4. Power curves of the PV module at variable input conditions.
(a) Power curve at variable irradiance levels. (b) Power curve at variable
temperature levels. (c) Power curve at variable temperature and
irradiance levels.

the detailed analysis required to forecast the irradiance curves
for the sake of simplicity. Similar methodology can be used
to forecast the temperature values.

Box-Jenkins Methodology defines the method of tuning
the parameters of ARIMA(p,d,q) model for producing the
time series forecasts of the desired data set [40]. The major
steps involved in the Box-Jenkins Methodology are the iden-
tification of the model, the estimation of the parameters and
the diagnostics of the residuals. The ARIMA model con-
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sists of the three major parts, Auto Regressive (AR) model
determined by the order p, Moving Average (MA) model
determined by the order ¢ and the order of differencing d
of the data set. The MA, AR and the ARMA models can be
defined by the following relations.

q
X, =e+Y &ncin (23)
n=1
p
X, =a+) GXinte (24)
n=1

p q
X, =a+e&+) GXint Y Enen (29
n=1 n=1
where, ¢1,¢2....., {, are the parameters of the AR model,
&1,&,....,&, are the parameters of the MA model and
€1, €1—1, €12, ....., €_y represent the white noise terms at
different lags. The AR, MA and ARMA models can then be
defined in the terms of the lag operator (L"(X;) = X;_,) as
follows:

p
& ==Y ¢ L"X =L)X (26)

n=1

q
X, =1+ &L = &Ly (27)

n=1
P q
A=) 6L =1+ &L (28)
n=1 n=1

The additional term d in the ARIMA model is used to deal
with the non-stationary data. Most of the times the data set is
non-stationary in nature and requires certain measures prior
to fitting the model to the data set in order to get the forecasts.
The term d is used to make the data stationary and the value
of d is the number of times the data set is to be differentiated
before fitting the model to it. For example the first difference
of the data set D; is given by (29). By including the term
d, finally the ARIMA(p,d,q) model in the terms of the lag
operator is given by the (30).

D, =X, —X,_; =X, —L'X,
=1 -Lhx, (29)

p q
A=Y G L1 =LY% =1+ &L (30)

n=1 n=1

After formulating the mathematical background of the
ARIMA model, the steps of the Box-Jenkins methodology are
further elaborated with the help of the forecasting example.
The current data set is obtained from the National Renew-
able Energy Laboratory (NREL) website [41] and includes
the daily irradiance data for nine consecutive hours, from
8:00 AM to 5:00 PM. The data set is generated for one
whole year. Fig. 5 shows the irradiance data set for the year
2015. The first step in the Box-Jenkins methodology is the
identification of the model and determine the desired values
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of the parameters p, d and g. The two major plots for deter-
mining these parameters are the autocorrelation plot (ACF)
and partial auto correlation plot (PACF) for the given data set.
The autocorrelation describes the relation between the two
different lag values, for example the correlation between X;
and X;,,. The partial autocorrelation describes the correlation
between the two lag values by removing the effect of the
intermediate lag values, for example the PACF between X;
and X;_¢ determines the correlation between the two values
without considering the effect of X;_1, X;—3, ... .., X;—5. The
range of these plots is between -1 and 1. A value of 1 indi-
cates strong relation between the two values at different lags.
A value of 0 indicates no relation. Similarly the value of -
1 indicates the strong opposite relation between the two lag
values. The order of p and ¢ are determined from the PACF
and ACF plots respectively. The ACF and PACF plots are
obtained for the above data set and are shown in the Fig. 6.

1000 -

800 -

600

400 -

Irradiance (W/m?)

200 -

0

2015-01 2015-03 2015-05 2015-07 2015-09 2015-11 2016-01
Monthly Data

FIGURE 5. Irradiance data for the year 2015.

The plots of Fig. 6 show the significant correlation values
at different lags which indicates the non-stationary behavior
of the given time series. In order to make the series stationary,
the first difference of the series is computed and the resulting
correlation plots are shown in the Figure 7. The ACF and
PACF plots fairly die down after the second lag but there
are still significant values at the higher lags for the ACF
plot. In order to avoid over-differentiating the time series
the Augmented Dickey-Fuller (ADF) test [42] is used for
checking the stationarity of the time series after taking the
first difference. The ADF test includes two hypothesis, H,
and H;. The former assumes the presence of the unit root
which indicates the non stationary behavior of the given time
series whereas the later indicates that no unit root is present
in the data and the given time series is stationary in nature.
The results for the ADF test are given in the Table 2. The p-
value obtained from the ADF test is very small as compared
to the critical value of 0.05, so we can easily reject the null
hypothesis for a significance level of 95%, and hence the
given data set is stationary after taking the first difference.
The next step is to determine the value of p and g for our
model. The selection of these parameters is usually difficult
and it often becomes a hit and trial method. A useful method
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FIGURE 6. Correlation plots of the original time series. (a) ACF plot (b)
PACF plot.

TABLE 2. Augmented dickey-fuller test results.

Parameter Type Value of Parameter

ADEF Statistics -15.337
p-value 0.000
Lags 29
Observations used 3313
Critical value at 1% -3.432
Critical value at 5% -2.86
Critical value at 10% -2.567

of determining these parameters is to use the information
criteria values.

The two information criteria used for estimating the param-
eters p, d and q of the ARIMA model are the Akaike Infor-
mation and Bayesian information criterion. These two criteria
are the relative terms and the model having the smallest value
of AIC and BIC among the group of the models is usually
selected to be the best fit model. In order to determine the
best model, the combination of the ARIMA models having
the value of p in the range [0, pnax], d = 1 and g in the
range [0, guqy] are tested and the AIC and BIC values are
determined for each model. The best three models selected
based on the lowest values of AIC and BIC are given in
the Table 3 for p;ux and gmax equal to 5. The next step is
the residual diagnostics of the selected models based on the
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FIGURE 7. Correlation plots of the time series after taking first difference.
(a) ACF plot (b) PACF plot.

values of AIC and BIC. The residual terms are primarily the
error terms and they should be completely random in nature.

TABLE 3. Selection of models on the basis of AIC and BIC.

Selected Model ~ARIMAQ3,1.4) ARIMA(3,1,5) ARIMA(4,1,3)
AIC 31098 31090 31087
BIC 31151 31148 31139

There are number of methods to determine the validity
of the selected model based on the residual diagnostic tests.
The residual terms usually resemble the white noise having
a normal distribution with zero mean and constant variance,
R ~ N(O, 02). Moreover, the residual terms should have no
correlation among them. If there exists the significant correla-
tion among the residuals, then there will be some information
missing in the selected model and a better model can be
selected. The histogram, probability density function and the
autocorrelation plot of the residuals for each model given in
the Table 3 are determined and are shown in Fig. 8. The den-
sity and the histogram plot for each model closely resemble
the normal distribution of the white noise, having the zero
mean and constant variance. The ACF plot for each model
shows very little correlation at certain lags, there is only a
significant value at around lag seven which shows that there
is still some information left which can be extracted from the
model. In order to validate this assumption, the remaining

VOLUME 8, 2020

models are tested, but the models selected above give the
best results in the terms of the residual diagnostic tests. From
the ACF plot of the three models, the model ARIMA(4,1,3)
shows the smallest correlation at multiple lags except at
around lag 7. However, all the models selected on the basis of
information criteria are used further to produce the forecasts.
The three models are trained using the 75% of the total data
set, whereas the remaining data is used for the test purposes.
The two error terms, the root mean squared error (RMSE)
and the mean absolute error (MAE) are further used to select
the final model in order to get the forecast results. The model
having the smallest value of these error terms is used to get the
irradiance forecast results for different scheduling intervals
to compute the PV power from the mathematical model as
described in the previous section. Table 4 shows the values of
RMSE and MAE for the selected models.

TABLE 4. Error values for the selected models.

Model ARIMAQ3,1,4) ARIMA(3,1,5) ARIMA(4.1,
n /1 __ 2

RMSE \/ ZisWimv)T  367) 35.66 35.08
n 7 .

MAE  Zi=ilvizuil 27.56 26,51 25.90

It is evident from Table 4 that ARIMA(4,1,3) gives the
minimum value of these error terms. Therefore, the forecast
results obtained from this model will be used to compute
the PV power for different scheduling intervals. The fore-
cast results are shown for the two consecutive days (30-
December-2015 to 31- December-2015) for different mod-
els in Fig 9. The results obtained from ARIMA(4,1,3) will
be used for computing solar power for different scheduling
intervals.

C. PV POWER COMPUTATION

In order to compute the PV power using the forecasted
parameters and developed mathematical model, following
considerations are used:

1) The irradiance and operating temperature parameters
remain constant for a particular scheduling interval i
and update only at the beginning of the next interval
i+ 1.

2) The power of each module for a particular scheduling
interval i is determined using the irradiance and tem-
perature values for that interval using (18)-(22). The
mathematical model as described previously will be
used for that purpose.

3) Each module is operating at the maximum power point.

4) The total power of the PV system is given by the sum
of the individual maximum power of each module.

5) The total efficiency of the system (converter and
inverter) is considered to be 95% (n = 0.95).

6) The rated system capacity is 1000 kW. The total num-
ber of PV modules required are 12821 (each module
delivers the rated power of 78 W).

Under these considerations, Table 5 summarizes the results

for the PV power obtained for the different scheduling inter-
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FIGURE 8. Residual diagnostic plots of different ARIMA models. (a) Residual plot of ARIMA(3,1,4). (b) Density plot of ARIMA(3,1,4). (c) ACF plot of
ARIMA(3,1,4). (d) Residual plot of ARIMA(3,1,5). (e) Density plot of ARIMA(3,1,5). (f) ACF plot of ARIMA(3,1,5). (g) Residual plot of ARIMA(4,1,3). (h)

Density plot of ARIMA(4,1,3), (i) ACF plot of ARIMA(4,1,3).

vals. This completes the design of the PV system for the
dispatch problem. The computed solar power for different
scheduling intervals will be used in determining the solar
share for the main dispatch problem consisting of hydro and
thermal units. The problem formulation for the suggested
hybrid system consisting of both conventional and non con-
ventional sources is elaborated in the next section.

IV. METHODOLOGY AND RESULTS

The problem of scheduling the conventional sources like
hydroelectric source and thermal power source is a well
known optimization problem. The fundamental concept of
the STHTS problem is to minimize the fuel cost of the thermal
generation while meeting the constraints of the system [43],
[44]. The addition of the renewable energy resources to the
conventional scheduling problem demands the up gradation
of the objective function and the certain constraints related to
the solar power. This section covers the detailed discussion of
the short term hydrothermal scheduling problem (STHTS),

177558

TABLE 5. PV power computation using mathematical model and
forecasted parameters of ARIMA(4,1,3) model on 31-December-2015.

Scheduling Time Irradiance Operating e Pac
Interval (hrs) (W/m2) Temperature o gy
()
1 8:00-9:00 AM 63.131 9 54.83 52.08
2 9:00-10:00 AM 173.90 14 157.50 149.62
3 10:00-11:00 AM  372.58 17 354.50 336.77
4 11:00-12:00 AM  494.87 19 480.00 456.00
5 12:00-13:00 PM  549.32 21 535.30 508.53
6 13:00-14:00 PM  539.00 20 525.34 499.07
7 14:00-15:00 PM  456.48 20 439.60 417.62
8 15:00-16:00 PM  343.04 18.5 324.00 307.80
9 16:00-17:00 PM  224.81 18 206.40 196.08

the formulation of the objective function and constraints,
the addition of the solar power share and the formation of
the updated optimization problem. The multiple cases are
explored for the suggested problem and the results of each
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FIGURE 9. Irradiance forecast results for different models. (a)
ARIMA(3,1,4). (b) ARIMA(3,1,5). () ARIMA (4,1,3).

case are determined using the proposed optimization meth-
ods.

A. CASE I: STHTS WITH RANDOMLY INITIALIZING THE
SOLAR POWER AS PARTICLES/FIREFLIES

The Case I involves the random initialization of the solar
power as particles/fireflies for each scheduling interval with
in the permissible range. The objective function to be mini-
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mized includes the thermal cost as well as the solar cost of
the system for each scheduling interval. Therefore, the solar
cost is not fixed and is according to the initialized solar power
particles. The objective function to be minimized in this case
is given mathematically as follows:

Ny Ny
min(f) = miF(Pr)+Cs Y _ HiPs,; 31)

i=1 i=1

Py i+ Pri+Ps;i=Pp;

Pr.min < Pr.i < PTH max

Vmin = Vi = Vmax

dismin < di < dispax

Pl min < PH,i < PH max (32)
Pg min < Ps.i < Ps max

Zﬁ\él I’lidis,' = diST

Vo = Vint
Vi=VmVie{l,2,3,...., Ny}

subject to; =

where, Py i, Ps.i, Pr.i, Vi, dis;, Pp,; are the values of hydro
power, thermal power, solar power, volume of reservoir, dis-
charge rate and the demand value at a particular scheduling
interval i. V,, and V are the starting and ending volume of the
reservoir. n; and H; represent the duration of the scheduling
interval and the duration for which the solar power remains
constant for a particular scheduling interval. In our case, n; =
HiVie{l,2,3,...., Ng}. Ny represents the total number of
scheduling intervals. The solar power limits are variable and
depends upon a particular scheduling interval i. The limits
for the solar power in accordance with Table 5 are defined as
follows:

Ps; i1 < Psi < Ps;i if (Ps;i = Ps;i-1)
A (Ps;i < Ps;it1)
if (Ps;.i > Ps; it1)
A (Ps;i < Ps;i-1)

fa=1v >{i=Ny

where, Ps; ; represents the forecasted solar power for a par-
ticular scheduling interval i as determined in Table 5. The
volume of the reservoir and the discharge rate must be related
by the equation of continuity given as follows:

=1Ps;iv1 = Psi <P i

0<Psi<Ps,i

Vi = Vi1 +ni(r; — dis; — sp;) (33)

where, r; and sp; represent the inflow and the spillage of the
water for a particular scheduling interval i.

1) STEPS OF APSO
In order, to solve the Case I, the major steps of APSO are
explained as follows:

1) Find the solar forecast results and compute the max-
imum and minimum power limits of solar power for
each scheduling interval.

2) Declare the parameters of APSO like o1, oy, number
of particles and number of iterations. In case of Firefly
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3)

4)

5)

6)

7

algorithm, declare constants like absorption coefficient
Yabs and randomization factor o.

Randomly initialize the volume vectors and solar power
vectors as particles for all scheduling intervals within
the permissible range defined by the constraints given
in (32). The volume and solar power vector for a partic-
ular particle m, iteration t and Ny number of scheduling
intervals are given as follows:

T
t) 1) (t (t
v = (v, v v v
T
0 _ [p0 % % "
PS,m - [PS,l,m PS,Z,m PS,S,m PS‘thjI

Based on the volume vectors, compute the discharge
rate for each scheduling period using the equation of
continuity as defined in (33) and check the limits. The
discharge rate for a particular particle m, scheduling
interval i and iteration t is given as follows:

®
Vo=V
o 1,m lf i=1
(l)n1 )
w2, =V
M (i —spi) i i #
1
Compute the hydro power from the discharge rate and
check the hydro power constraint given in (32). The
hydro power vector for a particular particle m and
iteration t is determined as the function of the discharge

rate given as follows:

- p() T r . () N7
P(H),l,m f(dls(l’)m)
! L (7
P{-I),lm f(dls(z’)m
! . (1
o Pysm f(dls3’m
Prvoy =1 . | = -
o) (1)
" H ,Ng,m- —f(dlSNs,m)—

Determine the thermal power from the power balance
equation and check the thermal power constraint. The
thermal vector for a particular particle m and iteration
tis given as follows:

() _ (1) (1)

PT(N;X]) = Ppw,x1) — (PS (Nyx1) + Py (Nsxl))
Determine the total cost of the system for all schedul-
ing intervals against all particles. The total cost for a
particular particle m and iteration t is given as follows:

Ny N N
t () 2(r)
Cr<n) =« an + :8 anPT,j,m + 14 anPT,j,m
j=1 j=1 j=1

8)

177560

Ny
+Co Y HPG
j=1
where, o, B and y are the cost coefficients of the
thermal generation.
Determine the particle vector corresponding to the min-
imum cost of the system for all scheduling intervals and

9)

10)

declare it as the global best for the current iteration.
The index of the particle corresponding to the minimum
total cost is computed as follows:

Ind = min(C\”, ¢\, .....,C¥)

where, P are the number of particles. The global best
particles for volume and solar power for a particular
iteration t are given as follows:

® _ [y® 0] (1) 0]
Vowexny = [Vl,lnd Vaind V3Ind Vm,md]

/@ G ® ® T
Pg (Nsx1) = [PS,I,Ind Pgoma -+ PS,N_Y,Ind]

Update all the solar and volume particles based on the
global best using (16) and check the limits. The update
equation for solar and volume vector corresponding to
particular particle m and iteration t can be written as
follows:

P_(S‘[,—;Ll) =(- az)Pg,)m + angr) tailer =0.5)
Vy(nH_l) =(- Olz)Vn(f) +a2V/(r) +ai(c; —0.5)

Repeat steps 4-9 until the termination criteria is
achieved.

2) STEPS OF FIREFLY

The first seven steps of the firefly algorithm are same as that
of the APSO. The modified steps of the firefly algorithm are
given as follows:

8)

9)

10)

Arrange the fireflies in the descending order of their
total generation cost. The index array in this case can
be written as follows:

Ind; s = Sort(C\", C{’, ¢, ......c?)

where, F are the number of fireflies. Rearrange the
solar power and volume matrices based on the index
array. Break the dimensions of the sorted solar and
volume matrices across each scheduling interval. The
total number of dimensions will be equal to the number
of scheduling intervals N;. The sorted solar and volume
dimension against the particular scheduling interval i
and iteration t are given as follows:

(1)

_ ")
PS (1) = P

(1)
P S,i,Ind(F):I

(1)
[P S,i,Ind(0) *S.i,Ind(1)

® i ) ) ) )
Vo axk) = [Vi,lnd(O) Vi,Ind(l) Vi,Ind(Z) Vi,Ind(F)]

where, Ind(F) shows the index of the firefly corre-
sponding to the minimum generation cost for a partic-
ular iteration t.

Compute the distance between the fireflies using (8).
Compare all the fireflies with each other and move
the firefly having lower light intensity (higher genera-
tion cost) towards the brighter firefly (lower generation
cost) using (10).

Repeat the steps 4-9 until the termination criteria is
achieved.
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B. CASE II: STHTS WITH FULLY UTILIZING SOLAR POWER
WHILE CONSIDERING TRANSMISSION LOSSES AND VALVE
POINT EFFECT LOADING

The second case considers the solar share towards the dis-
patch problem to be fixed at different scheduling intervals
determined from the forecasting of the parameters. The solar
power at different scheduling intervals is given according
to the Table 5. In this case, only the volume particles are
initialized randomly whereas the solar cost is considered
to be constant which is added explicitly to the converged
thermal cost at the end of the scheduling problem. Therefore,
the objective function in this case aims to minimize only the
thermal cost of the system given as follows:

NT
min(f) =Y niF(Pr,) (34)
i=1

Py i+ Pri=368Pp;+PL,

Pr.min < Pr.i < PTH max

Vmin =< Vi = Vmax

dismin < d; < dispmax

Py min < PH.,i < PH max (35)
PS,i = PSf,i

Zf'\il I’lidisi = diST

Vo = Vin
Vi = Vi

subject to; =

Vi€{1,2,3,-~--aNs}

where, 6Pp ; and Py, ; represent the updated demand and the
losses of the system for a particular scheduling interval i. The
total cost of the system in this case can be determined as
follows:
Ny
Fieoss = F(Pr) + Cs ) HiPs,.i (36)
i=1
where, F(Pr) represents the converged cost of the system.
In order to make the problem more practical, the transmission
losses and the valve point effect loading is considered for the
thermal power generation. The valve point effect results in
the addition of an extra term in the cost equation of thermal
generation, which is sinusoidal in nature. This causes the
quadratic cost function to become highly non-convex and
results in the formation of ripples over the smooth quadratic
cost curve. The cost equation in case of valve point effect
loading can be written as follows:

F(Pr) = o + BPr + y P} + |dsin(f (Pr min — Pr)|  (37)

1) STEPS OF APSO

In order to solve the case II, the steps of the APSO are
mentioned only. The methodology of the firefly algorithm for
case II is same as that of APSO except the difference of few
steps which are highlighted in the previous case.

1) Find the solar power contribution for different schedul-
ing intervals using the forecasting of the parameters as
determined in Table 5.
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2) Find the fixed total cost of the solar power for all
scheduling intervals.

3) Find the updated demand of the system using the fore-
casted solar power given as follows:

8Ppsx1) = Pp(sx1) = Py (o1

4) Declare the parameters of APSO like o1, oo, number
of particles and number of iterations. In case of Firefly
algorithm, declare constants like absorption coefficient
vabs and randomization factor «. Randomly initial-
ize the volume vectors as particles for all scheduling
intervals within the permissible range defined by the
volume constraint given in (35). The volume vector for
a particular particle m, iteration t and Ny number of
scheduling intervals is given as follows:

o =[ve, v, v

T

1,m VI(V?J"]

5) Based on the volume vectors, compute the discharge
rate for each scheduling period using the equation of
continuity and check the limits.

6) Compute the hydro power from the discharge rate and
check the hydro power constraint given in (35).

7) Determine the transmission losses of the system for all
scheduling intervals. The losses are determined as the
function of the hydro power computed for a particular
scheduling interval i. The loss vector for a particular
particle m, iteration t and Ny number of scheduling
intervals is given as follows:

PL(I) = func(Pg)

(Nsx1) — (Mxl))

8) Determine the thermal power from the power balance
equation and check the thermal power constraint. The
thermal vector for a particular particle m and iteration
tis given as follows:

) _ ) (1)
PT(Nle) = 8Pp(N,x1) +PL(Ns><1) —P

9) Determine the total cost of the system for all scheduling
intervals against all particles. Determine the volume
vector corresponding to the minimum cost of the sys-
tem for all scheduling intervals and declare it as the
global best for the current iteration.

10) Update all volume particles based on the global best
using (16) and check the limits.

11) Repeat the steps 5-10 till the solution converges. Find
the total cost of the system using the solar cost and the
converged thermal cost of the system using (36).

The steps having the same mathematical relations as of

case I are not described in the steps of APSO for case II.

C. SIMULATION PARAMETERS

The input parameters for the PV system are the forecasted
irradiance and temperature levels determined in Table 5.
Based on these input parameters, the forecasted solar power
and the solar power limits for different scheduling intervals
are listed in Table 6. For thermal and hydro units, discharge
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TABLE 6. Forecasted PV power and the solar power limits for different
scheduling intervals on 31-December-2015.

Scheduling Time Pg, Power Limits
Interval (hrs) (MW) (MW)
1 8:00-9:00 AM 0.052 0 < Pg <0.052
2 9:00-10:00 AM 0.149 0.052 < Pg <£0.149
3 10:00-11:00 AM  0.336  0.149 < Pg <0.336
4 11:00-12:00 AM  0.456 0.336 < Pg < 0.456
5 12:00-13:00 PM 0.508  0.456 < Ps < 0.508
6 13:00-14:00 PM 0499 0417 < Ps <0.499
7 14:00-15:00PM 0417  0.307 < Ps < 0.417
8 15:00-16:00 PM 0.307  0.196 < Pg <0.307
9 16:00-17:00 PM 0.196 0< Pg <0.196

TABLE 7. Parameters used for validation of case I and case II.

Generation Parameter Value
Type
Thermal Generation P;::;’; 100()3411/IVW
Hydel Generation Pg ’:;Z 68(?/[ D/\IVW

Vint 12400 acre-ft

Viin 6000 acre-ft

Vinin 6000 acre-ft
Vinaz 12000 acre-ft

diSmin 0 acre-ft/hr
dismax 7000 acre-ft/hr
T 3500 acre-ft/hr

Sp; 0 acre-ft/hr

ng 1 hr

vie{1,2,., Ns}

Cs 0.12 $/kWhr
H; 1 hr
vie{l,2,..,Ns}

Solar Generation

rate characteristics and the thermal cost equation with and
without the valve point effect loading are required. For this,
a test case is developed using the data in [45], which consists
of one non-pumped hydel unit having the following discharge
characteristics.

dis(Py) = 260 4+ 10Py (acre — ft/hr) (38)

The cost characteristics of thermal generation for case I are
given by (39). For case II, the thermal cost equation is given
by (40).

F(Pr) = 575+4+9.2Pr + 0.00184P2T ($/hr)y (39

Pr = 550 4 8.10Pr + 0.00028P7
+300sin(0.035(Pr min — Pr))| (40)
The transmission losses of the network (case II) for a

particular scheduling interval i are determined as the function
of the hydro power given as follows:

Py; = 0.00008PF; ; 41)

The discharge rate characteristics for case II are same as
defined by (38). The remaining parameters used for the vali-
dation of the suggested dispatch problem are listed in Table 7.
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D. RESULTS

The results for case I and case II are determined using the
parameters defined in the previous section. APSO and firefly
algorithms are used to determine the convergence character-
istics for both cases using the different population size.

1) RESULTS OF APSO FOR CASE |

The convergence characteristics of the case I are obtained
using the APSO algorithm for different population size and
are shown in the Fig. 10. The convergence graph in this
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case includes the total cost of the system for all scheduling
intervals which includes both thermal and solar cost of the
system. Table 8 shows the complete results of the different
scheduling intervals using the APSO algorithm. The sum of
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the power contribution from each energy source during the
particular interval equals the load demand which satisfies the
power balance constraint of the system. Moreover, the ending
volume of the reservoir is the desired value of 6000 acre-ft
which satisfies the final volume constraint of the system. The
power limits are also satisfied for each scheduling interval
with each energy source giving the optimal power. Fig. 11
shows the convergence of the solar and volume particles for
case L. Discharge rate for any scheduling interval is computed
by using the two consecutive volume values except for inter-
val 1 which uses the starting volume of the reservoir. Fig. 12
shows the optimal power contribution of each energy source.
The solar power is given in (kW) whereas, the thermal and
hydo power are given in (MW).

2) RESULTS OF FIREFLY FOR CASE |

The case I is solved using the firefly algorithm for different
number of fireflies and using 50 iterations for each population
size. The convergence characteristics of the firefly algorithm
for case I are shown in the Fig. 13. Table 9 shows the complete
results of the different scheduling intervals using the firefly
algorithm. For firefly algorithm, again the volume at the end
of the scheduling problem is equal to 6000 acre-ft which sat-
isfies the volume constraint. The remaining constraints like
power balance constraint, the power limits and the reservoir
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constraints are also satisfied for each scheduling interval. For
each scheduling interval, hydro power is computed as the
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function of discharge rate for that particular period using the
(33). Fig. 14 shows the optimal power contribution of each
energy source for case I using the firefly algorithm. Fig. 15
shows the convergence of the solar power and volume fireflies
for case I using the population size of 5 fireflies.

This completes the results of the case I using both algo-
rithms. The results of the case II which considers the trans-
mission losses of the network and the valve point effect
loading are presented in the next section

3) RESULTS OF APSO AND FIREFLY FOR CASE I

The convergence characteristics of case II are obtained using
both APSO and firefly algorithm for different population size
and are shown in the Fig. 16. In this case the graph only shows
the total cost of the thermal generation after convergence
since solar power is considered to be constant for different
scheduling intervals. The optimal power contribution of dif-
ferent energy sources along with the transmission losses of
the network are determined for each scheduling interval and
are shown in the Fig. 17. The convergence of the volume
particles for case II using both algorithms is shown in the
Fig. 18-19. Table 10 summarizes the results of APSO and
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TABLE 8. Scheduling results of case 1 using the APSO algorithm for population size of 5 particles.

Load

Optimal

Scheduling Time Reservoir Generation Cost of
Interval (hrs) Demand Power Parameters Energy Sources
(MW) Allocation gy
Faoopeo e PN e mo Temo
(acre-ft/hr) $) 6)) (3)
1 8:00-9:00 700 464.6 23530 0.033 4906.61 7493.38 4.00 2841.68 2845.7
2 9:00-10:00 600 129.82 470.06 0.108 1558.20 9435.09 13.00 5306.14 5319.14
3 10:00-11:00 700 143.31 556.46 0.219 1693.14 11241.95 26.37 6264.24 6290.61
4 11:00-12:00 800 327.95 471.64 0.400 3539.5 11202.40 48.01 5323.43 5371.44
5 12:00-13:00 900 338.36  561.17 0.464 3643.60 11058.79 55.75 6317.26 6373.01
6 13:00-14:00 1000 566.37 433.12 0.498 5923.70 8635.07 59.83 4904.96 4964.79
7 14:00-15:00 1100 428.18 671.39 0416 4541.80 7593.18 49.99 7581.24 7631.23
8 15:00-16:00 1000 236.73 762.96 0.306 2627.30 8465.87 36.79 8665.33 8702.12
9 16:00-17:00 1300 570.58 729.21 0.195 5965.87 6000 23.49 8262.22 8285.71
> Cg=317.30%; > Cr=55466%; > Cc=55783%
TABLE 9. Scheduling results of case 1 using the firefly algorithm for population size of 5 fireflies.
Scheduling Time DLoad d (i)ptlmal Reservoir Generation Cost of
Interval (hrs) eman ower Parameters Energy Sources
(MW) Allocation
i A A et Volume Cost o Cost
(acre-ft/hr) %) %) )
1 8:00-9:00 700 316.7 383.3 0.028 3426.7 8973.3 347 4372 4375.47
2 9:00-10:00 600 341.6 2583 0.084 3675.9 8797.4 10.15 3074 3084.15
3 10:00-11:00 700 322.8 377.0 0.201 3487.6 8809.8 24.18 4305 4329.18
4 11:00-12:00 800 366.1 433.6 0.352 3920.8 8389.0 42.30 4910 4952.3
5 12:00-13:00 900 188.6 7109 0.494 2145.7 9743.2 59.33 8046 8105.33
6 13:00-14:00 1000 5047 4948 0.497 5307.3 7935.9 59.66 5577 5636.66
7 14:00-15:00 1100 2054 894.1 0.415 2314.4 9121.6 4991 10272 10321.9
8 15:00-16:00 1000 4252 5745 0.304 4512.0 8109.6 36.57 6468 6504.57
9 16:00-17:00 1300 535.0 7648 0.195 5609.6 6000 23.42 8688 8711.42
3" Cs=309.02%; > Cr=55712%; > Cc=56021%

firefly algorithm for case II using the population size of 5
particles/fireflies.

The results in Table 10 show that the total cost of the solar
power remains same for both algorithms, whereas the thermal
cost converges to a lower value in case of APSO for this
particular sample. The sum of the power contribution from
each energy source equals the demand plus the losses of the
network for a particular scheduling interval. The transmission
losses are directly proportional to the hydro power computed
for a particular scheduling interval. The ending volume in
both cases equals the desired value of 6000 acre-ft.

V. STATISTICAL COMPARISON OF APSO AND FIREFLY

The progression of the swarm based intelligence techniques
such as APSO and Firefly in finding the optimal solution
of the given problem depends upon the stochastic nature of
the algorithm and is random in nature. Therefore, certain
statistical tests are required before establishing any fact about
the performance of the algorithm for a particular problem.

VOLUME 8, 2020

Therefore certain statistics are used for comparing the per-
formance of the two algorithms for each case. In literature,
the comparison between the different algorithms is carried
out by comparing the mean of the algorithms for a particular
sample size. Although, it is an efficient method to compare
the algorithms, but it can not be used to establish the fact that
the significant mean difference exists for the algorithms and
that the algorithms to be compared are statistically different
from each other. This research uses the comparison of mean
for the two algorithms to highlight which algorithm has a
lower mean generation cost and then uses the independent
t test results to show that the significant mean difference
exists between the algorithms and the two techniques are
statistically different from each other. Table 11 shows the
comparison of the performance parameters of APSO and
firefly algorithm for case I. Table 12 shows the comparison
of algorithms for case II. Table 13 shows the results of inde-
pendent t-test results for both cases. From the Table 11 and
Table 12, itis evident that APSO gives lower mean generation
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TABLE 10. Scheduling results of case 1l for APSO and firefly algorithm.

Scheduling Results for APSO

Scheduling Load Py, Optimal Reservoir Generation Cost of
Interval Demand (MW) Power Parameters Energy Sources
(MW) Allocation gy Sod
Py o Pro Ps o Dol oume (ol oot Cost
MW) MW) MW) (acre-ft/hr) (acre-ft) ) ©) ©)
1 700 6.86 292.29 413.88 0.052 3189 9210 6.23 4232 4238.23
2 600 8.88 33327 27545 0.149 3592 9117 17.87 2866 2883.8
3 700 5.32  258.03 446.95 0.336 2840 9777 40.32 4245 4285.3
4 800 11.10 37251 438.13 0456 3985 9292 54.71 4262 4316.7
5 900 19.62 49528 423.83 0.508 5212 7579 60.96 4263 4323.9
6 1000 0.77 9870 901.56 0.499 1247 9832 59.88 8121 8180.8
7 1100 12.08 388.64 723.01 0417 4146 9186 50.03 6604 6654.03
8 1000 15.74 443.62 571.81 0.307 4696 7989 36.83 5548 5584.83
9 1300 21.88 52298 798.70 0.196 5489 6000 23.52 7292 7315.52
> Cs=350.3%; > Cr=47437%; > Cc=47788%
Scheduling Results for Firefly
Scheduling Load Pr, Optimal Reservoir Generation Cost of
Interval Demand (MW) Power Parameters Energy Sources
(MW) Allocation gy Sou
Py Pro Ps o Dol oume (Gl oot Cost
MW) MW) MW) (acre-ft/hr) (acre-ft) ) ©) ©)
1 700 0 0 699.94  0.052 0 10551 6.23 6534 6540.23
2 600 21.3 5159 1053 0.149 5418 8633 17.87 1560 1577.87
3 700 8.3 322.1 385.8 0.336 3481 8651 40.32 3959 3999.32
4 800 2.3 168.8  633.0 0456 1948 10203 54.71 5838 5892.71
5 900 9.7 347.8 5614  0.508 3737 9966 60.96 5400 5460.96
6 1000 17.8 4722 5451  0.499 4982 8483 59.88 5117 5176.88
7 1100 6.8 2922 8142 0417 3182 8801 50.03 7396 7446.03
8 1000 123 3921 6199 0.307 4181 8120 36.83 5766 5802.83
9 1300 23.0 5360 786.8 0.196 5619 6000 23.52 7297 7320.52

S Cs=35038; 3 Cr=48871%; 3 C=49221$

TABLE 11. Statistical evaluation of two algorithms for case I using

different population size, 50 iterations and 50 samples of each algorithm.

TABLE 12. Statistical evaluation of two algorithms for case Il using
different population size, 50 iterations and 50 samples of each algorithm.

Performance Parameter Firefly Algorithm APSO Algorithm

Performance Parameter Firefly Algorithm APSO Algorithm

Evaluation of parameters for
population size of 5 particles/fireflies

Evaluation of parameters for
population size of 5 particles/fireflies

Average Cost 56260 $ 55548 $ Average Cost 49049 $ 47116 $
Minimum Cost 55278 § 54972 $ Minimum Cost 47603 $ 46203 $
Maximum Cost 57108 § 56471 $ Maximum Cost 51601 $ 47991 $

Average Computation Time 0.5951 s 0.80s Average Computation Time 0.497 s 0.519s
Maximum Computation Time 0.815s 1.00 s Maximum Computation Time 0.571s 0.556s
Minimum Computation Time 045s 0.7s Minimum Computation Time 0.443 s 0.499 s

Number of Convergences 87 out of 100 84 out of 100 Number of Convergences 85 out of 100 83 out of 100
Average computation time for different fireflies/particles Average computation time for different fireflies/particles
Average Computation Time 0.78 s 0.94 s Average Computation Time 0.515s 0.637's
(15 Fireflies/Particles) (15 Fireflies/Particles)
Average Computation Time 0.81s 0.99 s Average Computation Time 0.571s 0.658 s
(25 Fireflies/Particles) (25 Fireflies/Particles)
Average Computation Time 0.82s 1.00 s Average Computation Time 0.620 s 0.703 s

(50 Fireflies/Particles)

(50 Fireflies/Particles)

cost whereas the execution time of the firefly algorithm is
better than the APSO technique. To analyze the independent
t-test results, the significant values for Levene’s test and the
t-test for equality of means are considered. If the signifi-
cant value for Levene’s test is greater than the critical value
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of 0.05, we can say that the two algorithms have statistically
same variance for a confidence level of 95%. On the other
hand, if the significant value for the t-test for equality of
means is less than the critical value of 0.05, we can say that the
two algorithms are statistically different from each other and
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TABLE 13. Independent t-test for comparison of means of two algorithms using the population size of 5 particles/fireflies, 50 iterations and 50 samples

of each algorithm.

Independent t-test results for case I

Levene’s Test t-test for 95% Confidence
for Equality Equality level
of Variances of Means of Difference
. Std.
. Sig. Mean
F Sig. t df (2-tailed)  Difference D.Error Lower Upper
ifference
Equal
variances 1.57 21 -5.09 98 .000 -711.1 139.4 -987.8 -434.3
assumption
Unequal 509 923 000 7111 139.4 -988.05  -434.1
variances
Independent t-test results for case I1
Levene’s Test t-test for 95% Confidence
for Equality Equality level
of Variances of Means of Difference
Std.
. Sig. Mean
F Sig. t df (2-tailed)  Difference .Error Lower Upper
Difference
Equal
variances 3486  .065 -16.42 98 .000 -1932 117.65 -2165.95  -1698.98
assumption
Equal
v -16425 7992 .000 -1932 117.65 216661  -1698.32
assumed
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FIGURE 20. Cost distribution of algorithms for case I.

have significant statistical mean difference. From Table 13,
it is evident that for both cases, APSO and firefly algo-
rithm have same variance statistically, whereas there exists
the significant mean difference between the two techniques
and the suggested algorithms are statistically different from
each other for both cases based on the mean generation cost.
Fig. 20-21 show the cost distribution for both cases using the
APSO and the firefly algorithm.

VI. CONCLUSION

The proposed research presents a novel STHTS problem with
the addition of the photovoltaic energy source and presents a
modified methodology to solve the dispatch problem while
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Sample Number

FIGURE 21. Cost distribution of algorithms for case II.

considering the intermittent nature of the PV source. The
forecasting of the PV input parameters and the mathematical
modeling of the PV module give accurate results regarding
the solar share towards the dispatch problem thus incorpo-
rating the effect of the atmospheric conditions on the output
power of the PV source. The two meta-heuristic techniques
namely APSO and firefly algorithms are explored for the
various test cases while considering the multiple system
constraints. The suggested algorithms successfully solve the
dispatch problem without violating the system constraints
and reduce the overall generation cost of the system by
intelligently utilizing the different energy resources during
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different scheduling intervals. Moreover, due to the stochastic
nature of the meta-heuristic techniques, different statistical
methods are suggested to efficiently compare the perfor-
mance of the two algorithms. The APSO technique outper-
forms the firefly algorithm and gives a overall lower mean
generation cost. Although, the firefly algorithm gives rela-
tively higher mean generation cost, the execution time of the
respective algorithm is better than its corresponding algo-
rithm. The future research involves the optimal tuning of the
input parameters of the algorithms in order to further reduce
the generation cost of the system. Moreover, wind energy
systems and different renewable energy sources can be added
to the suggested hybrid energy system to further explore the
effect of adding the distributed generation systems to the
conventional grid.
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