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An Improved Chimp Optimization Algorithm for
Short-term Hydrothermal Scheduling
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Abstract— The short-term hydrothermal scheduling (STHS)
is a complex non-linear, non-convex and high-dimensional
mathematical optimization problem. Due to the fact that the
original chimp optimization algorithm (ChOA) is likely to fall
into local optimum and has the disadvantage of low
population diversity, an improved chimp optimization
algorithm (IChOA) is proposed to solve the STHS problem.
Firstly, Logistic-Tent chaotic mapping is employed to initialize
the population and increase the population diversity. Then a
new nonlinear convergence factor is introduced to make the
optimization search process more applicable to STHS
problems. Next, particle swarm algorithm (PSO) and
gravitational search algorithm (GSA) are combined to
enhance the shortcoming and balance the global search ability
and local exploration ability of ChOA. Moreover, Cauchy
mutation and opposition-based learning strategy are
supplemented as perturbation interference when the optimal
position is not updated to improve the ability to leap out of the
local optimum. Finally, a graded optimization strategy is
adopted for the constraint handing of dynamic reservoir
balance and thermal power balance. Three standard
hydrothermal power systems are utilized to verify the
practicability and validity of the proposed method. Results of
simulations reveal that IChOA has significant competitive
advantages in addressing the STHS problem.

Index Terms— short-term hydrothermal scheduling
(STHS), Logistic-Tent map, Cuachy mutation, opposition-
based learning strategy, graded optimization strategy.

l. INTRODUCTION

I n recent years, the rise of the national economic level and
the expansion of the power system have attracted
extensive attention, and the issue of energy consumption in
social production and life cannot be ignored. The short-term
hydrothermal scheduling (STHS) is one of the effective
technical means to ensure the safe, stable and economic
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operation of the power system, whose task is to obtain the
optimal scheduling scheme with the lowest fuel cost while
meeting the given constraints of the power system [1].
Hydropower is a pollution-free and sustainable energy
source, so the cost of STHS is mainly generated by thermal
plants. The STHS problem is essentially a multivariate,
high-dimensional, real-time dynamic non-linear and non-
convex mathematical optimization problem with complex
constraint limitations [2, 3]. Due to the intricate structure
between cascade hydropower plants, the valve point effect
of thermal plants and the transmission loss in the power
system, the nonlinearity, non-smoothness and non-convex
characteristics of the STHS problem are more prominent
and more difficult to solve.

At present, researchers have proposed numerous solutions
to solve the STHS problem, which can be divided into two
categories: traditional classical optimization algorithms and
artificial intelligence optimization algorithms. Conventional
algorithms include linear programming (LP) [4], nonlinear
programming (NLP) [5], dynamic programming (DP) [6],
mixed integer programming (MIP) [7], Lagrange relaxation
(LR) [8], gradient search techniques (GS) [9] and Newton’s
method [10]. The LP is only applicable to the study of
extreme value problems with linear objective functions
under linear constraints, and using approximate linearization
to deal with nonlinear problems will reduce the solution
accuracy. The NLP is long in computation time, slow in
convergence, and it requires the objective function to be
continuously differentiable. When dealing with large-scale
optimization problems, the DP is highly prone to
dimensional disaster, which may lead to dire consequences
that are difficult to control. And the MIP will exhibit the
drawback of low computational efficiency. The LR method
is more effective in dealing with large-scale problems, but
the pairwise gap oscillation may occur during convergence,
making the problem diverge. The GS is applicable to
segmented linear objective functions and impractical to be
applied to the SHTS problem. The Newton’s method is one
of the most promising ways to solve nonlinear optimization
problems, but the repeated computation of Jacobi matrices
increases the computational complexity and is no longer as
applicable for large-scale problems.

On the contrary, modern meta-heuristic intelligent
optimization algorithms that has robust structure and strong
robustness are less restrictive for solving the STHS problem
and do not require continuous differentiability of the
objective function, which are more adaptable and systematic,
such as genetic algorithm (GA) [11], differential evolution
(DE) [12], particle swarm optimization (PSO) [13],
Hopfield neural network (HNN) [14], artificial bee colony
algorithm (ABC) [15] and grasshopper optimization
algorithm (GOA) [16], etc. Nonetheless, there still exist
some shortcomings in the basic artificial optimization
algorithms, such as slow convergence speed, poor global

Volume 49, Issue 3: September 2022


mailto:shuminwang229@163.com
mailto:longhongyu20@163.com

TAENG International Journal of Computer Science, 49:3, IJCS 49 3 06

search capability or weak local search capability, etc.
Consequently, researchers have proposed a variety of
improvement strategies for the defects of different
algorithms and successfully applied them to the STHS
problem. For instance, modified chaotic differential
evolution (MCDE) [17], optimal gamma based genetic
algorithm (OGB-GA) [18], modified cuckoo search
algorithm (MCSA) [19], modified social group optimization
(MSGO) [20], accelerated particle swarm optimization
(APSO) [21] and a hybrid of real coded genetic algorithm
and artificial fish swarm algorithm (RCGA-AFSA) [22], etc.
And the effectiveness of these improved algorithms has
been verified through specific simulation experiments.
Meanwhile, the superiority of the performance of the new
nature-inspired artificial intelligence algorithms in dealing
with multi-dimensional and multi-module mathematical
optimization problems is also demonstrated.

Chimp optimization algorithm (ChOA) [23] is a novel
metaheuristic optimization algorithm proposed by Khishe
and Mosavi et al. based on chimp group hunting behavior in
2020. Compared with other swarm intelligence algorithms,
ChOA not only has fewer parameters to be regulated , but
also is easy to understand and implement. Despite all this,
there is still much room for improvement in its convergence
speed and optimization accuracy. The improvement ideas
can take example by some improvement strategies of similar
algorithms as whale optimization algorithm (WOA) [24]
and gray wolf optimizer (GWO) [25]. For example, an
improved whale optimization algorithm based on nonlinear
adaptive weight and golden sine operator (NGS-WOA) [26]
has been proposed aiming at the shortcomings of WOA such
as low precision and slow convergence speed. In addition,
an improved grey wolf optimizer based on tracking mode
(TGWO) and seeking mode (SGWO) [27] has been
proposed to improve the diversity of the population and the
ability of the algorithm to balance exploration and
exploitation. This paper proposes an improved chimp

optimization algorithm (IChOA) to solve the STHS problem:

firstly, initialize chimp individuals using Logistic-Tent
chaotic mapping to make the population individuals as
uniformly distributed as possible; secondly, come up with a
nonlinear convergence factor update strategy to balance the
global search and local search capabilities of the algorithm;
thirdly, combine the particle swarm optimization (PSO) [28]
and gravitational search algorithm (GSA) [29, 30] speed
update formulation to improve the global search ability of
ChOA; last, integrate Cauchy mutation and opposition-
based learning strategy and carry out disturbance mutation
when the optimal position remains unchanged.

The remaining chapters of this article are arranged as
follows. The mathematical formulation of STHS including
constraints is presented in section Il. Section Il makes a
detailed overview of the ChOA and its improvement
strategies. Section IV introduces the constraints handling
methods and the applications of IChOA for the STHS
problem. Section V presents the simulation results and
discussion. The last section summarizes the former parts and
makes an outlook analysis.

Il.  THEPROBLEM FORMULATION

A. The Objective Function

The main goal of STHS is to find the optimal scheduling
solution and minimize the total operation cost of the power

system on the premise of meeting the power system
constraints. The objective function of the STHS problem is
expressed as minimum fuel cost, and its formula is as
follows:

T Ns
min Fc = "> Fc (PP) (1)

t=1 i=1
where Fc represents the total fuel cost in the whole
scheduling cycle, T represents the total hours, Ns is the total
number of thermal plants, P shows the power output of ith
thermal plant at t hour, Fcil(Piy) shows the fuel expense of
ith thermal plant at t hour. The fuel cost ignoring the valve
point effect is represented by the following quadratic

function:

Fe, (P?)=a(P")> +b PP +c, 2
Ignoring the valve point effect can not fully reflect the
real situation. The power system operation cost function
considering valve point effect is composed of the
superposition of smooth quadratic function and sinusoidal

function, showing nonlinear characteristics, which is
expressed as follows:
Fei (PP) =a;(PP)? +b,P? +¢
®)

+[d; sin(e; (R%,, —P))

where aj, bi, ci, di, e are cost the coefficients of the ith
generator unit, an P}, corresponds to the minimum output
power of thermal plant i.

B. The Constraints

The above objective functions are all subject to system
constraints include equality constraints and inequality
constraints, which are indispensable to ensure the normal
operation of the STHS system.

1) The equality constraints

Considering the transmission loss of power system, the
power system must maintain a dynamic balance among the
total output power, transmission loss and real load demand.

Ng Np
D RP+> pP =P +P, @)
i=1 i

where Ny is the total amount of hydropower plants, P}
represents the output power of ith hydropower plant at t
hour, Pp: represents the total actual load demand of the
power system in period t and P represents the total
transmission loss during time interval t.

The power generation capacity of a hydropower plant is
determined by both the discharge volume and the reservoir
capacity value of the hydropower plant, which is calculated
as follows:

h ho « 2 h h h
P =CLV) +CLQ) +CVQY
+C, V" +C,.QF +C,

where VJ“J’ is the reservoir capacity of hydropower plant j at
t hour, Q}f is the discharge volume of hydropower plant j at
t hour, and Cj, Cj, Cjs, Cis, Cj5, Cjg are the constant
coefficients of hydropower plant j.

The reservoir capacity value of the hydropower plant is
constantly changing at each time, which is expressed by the
following equation:

VP =V

jt J(t -1)

+Z( m(t r)

®)

hp hp hp
+1 —Qy — S,

jt

(6)
m(t ) )
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where I} and S}’ are the inflow and spillage of hydropower
plant j at t hour respectively, z,, indicates the drainage delay
time between cascade hydropower stations. R; stands for
the number of connected reservoirs between the current
reservoir and the upper reservoir. The water spillage is not
considered and is made to zero in this paper.

The transmission loss of power system P.: can be
calculated by the Krons formula [31], where B;j, Bio and Boo
represent the transmission loss coefficients, N is the total

number of thermal plants and hydropower plants.
N N

Pe = Z
i=1 j=1
There is a special restriction that needs to be strictly
enforced, that is, the storage capacity values of all reservoirs
at the start and end of the dispatch must strictly comply with
the initial and final reservoir volume.

Vm:Vm Vm_vm

jo janitial* VT = Vj final ®)

ij gt

N
1 h t
Pith' P+ Z BiOPitp + By @
i=1

where Vjh. and Vj%., are the initial and final reservoir
volume of hydropower plant j respectively.
2) The inequality constraints

The output power of each thermal plant and hydropower
plant cannot be less than the minimum output power and
cannot exceed the maximum output power.

PP <PP<P® i=12.,Ngt=12..T (9

i,min it — " i,max

hp hp hp
Fﬁ,nﬂn < Fﬂt < Fﬂ,nmx

j=12,.,N,,t=12,.,T (10)
where P}, and P}, are the minimum and maximum power
output of thermal plant i respectively, Pj%;, and P}, are the
minimum and maximum power output of hydropower plant
j respectively.

The real-time reservoir capacity of each reservoir must be
within the given range, and it is not allowed to be lower than

V", or higher than V...
VoSV <V =12, N t=12,..,T (11)

j,min j,max
Similarly, the discharge volume of hydropower plants
should also be limited between the maximum discharge
volume Q.. and minimum discharge volume Q}%.

h h h H
Qi <QF Q5 J=12,. N, t=12,..T (12

j,min jt -
IIl.  THE OVERVIEW OF CHOA AND ITS IMPROVEMENT

A. Chimp Optimization Algorithm

ChOA is inspired by the group hunting behavior of
chimps, which achieve the purpose of solving problems by
simulating the cooperative hunting behavior of four types of
chimps: the attacker, the barrier, the chaser and the driver.
Different roles undertake different tasks in the procedure of
hunting. According to reference[23], the mathematical
model of ChOA is as follows.
1) Driving and Chasing the Prey

During hunting process, each individual chimp can
change its position in the space around the prey randomly,
which is mathematically described as follows.

D =[C.X () = M.X gy, ()] (13)
X gy (0 1) = X i (©) — AD (14)

where t denotes the current iteration, Xprey Stands for the
vector of prey position and Xchimp represents the position
vector of a chimp, A, m and C are the coefficients vectors

that are calculated by Eq.(15), (16) and (17), respectively.

A=2fr —f (15)
m = Chaotic _ value (16)
C=2r, n

where r1 and r; are random vectors in the range of [0, 1], f
is the convergence factor, whose value decreases linearly
from 2 to 0 as the number of iterations increases, m is the
chaotic mapping vector, which represents the influence of
the sexual motivation of chimps in the hunting process.

A is a random vector that determines the distance between
chimpanzees and prey, whose value is a random number
between [-f, f]. When |A| < 1, it indicates that the chimp
individual tends to the prey position; when |A| > 1, it
indicates that the chimp individual deviates from the prey
position and searches for prey in a broader range.

C is the control coefficient for the chimp to drive and
chase prey, who is a random number between [0, 2]. When
C <1, it means that the influence of the prey position prey
on the chimp position is weakened, and vice versa.

2) Attacking Mode

Suppose that the initial population of chimps is NP, then
the position of the ith chimp is X;. After initializing the
population, the optimal solution Xatacker, the second optimal
solution Xgarrier, the third optimal solution Xchaser and the
fourth optimal solution Xpriver are determined. The positions
of other chimps are renewed according to the positions of
the four chimps, which as described by Eq.(18)-(20) below.

D acier = |Co- X aacter — M- X
Dearrier = |Co- X garrier = My X| 18)
Dihaser = |C3'xChaser - m3.X|
Doviver = Ca- X priver — M- X |
X1 = X packer ~ A -Dagacier
X, = Xgarrer = A -Dgarier 19)
X5 = X neor = A -Deacer
X, = Xprer = A -Dprier
X(t+l):X1+X2+X3+X4 (20)

where X refers to the position vector of the current chimp,
X(t+1) refers to the updated position vector of the current
chimp.
3) Attacking and Searching for the Prey

In the final stage of hunting process, on the one hand,
chimps revise their positions depending upon the positions
of the attacker, the barrier, the chaser and the driver and
attack the prey; on the other hand, chimps demonstrate the
exploration process through dispersing in search of the prey.
4) Social Incentive

After acquiring food satisfaction, social motivation causes
individual chimps to relinquish their hunting duties and
attempt to obtain food forcibly and disorderly. The chaotic
behavior in final stage contributes ChOA to surmount the
drawbacks of falling into local optimization and slow
convergence when solving high-dimensional problems.

X epip (1) = {prev O-AD (u<05)

Chaotic _value (x> 0.5)
where x is a stochastic number between [0,1].

1)

Volume 49, Issue 3: September 2022



TAENG International Journal of Computer Science, 49:3, IJCS 49 3 06

B. Improved Chimp Optimization Algorithm

Despite the fact that ChOA outperforms the similar
algorithms  WOA and GWO in terms of algorithm
performance, there are still some drawbacks. Aiming at
improving the fundamental defects of the basic ChOA, such
as relying on the initial population, easily falling into local
optimum and slow convergence speed, this paper introduces
the following corresponding strategies.

1) Logistic-Tent Chaotic initialization

While ChOA is used to address STHS problem, the rand
function is adopted to initialize the population randomly,
which results in a low population traversal and uneven
distribution in the solution space. Thus it will affect the
search efficiency and solution accuracy of the algorithm. In
this paper, Logistic-Tent chaotic mapping is introduced to
initialize the population, so as to improve the population
diversity, make the initial chimp individuals more uniformly
distributed throughout the whole solution space and
discover the position of the superior solution more quickly.
Therefore, the convergence speed of the algorithm is
accelerated and the accuracy of the algorithm in finding the
superiority is enhanced. The mathematical formulation of
Logistic-tent chaotic mapping is expressed as follows.

[rmn(l—mn)+ﬂmn}modl

2
I (m <0.5) 22)

: [rmn(l—mn)+w:lmodl

(m >0.5)

where r is introduced to control the proportion of Logistic
mapping and Tent mapping. The initial value mg is
generated at random between [0, 1], and then update m
according to Eq.(22).

2) Nonlinear factor update strategy

Global search capability and local exploitation capability
are two basic attributes to measure the performance of
heuristic intelligence algorithms, and how to balance these
two attributes is the crucial to algorithm performance
improvement. From the description of the ChOA in the
previous chapter, it is evident that when |A| > 1, chimp
individuals search for prey in a scattered manner,
corresponding to the global search; when |A] < 1, chimp
individuals tend to prey, corresponding to the local search.
According to Eq.(15), the value of A depends on the
convergence factor f. The convergence factor f of the
original ChOA decreases linearly from 2 to 0 as the iteration
number increasing, and this linear change cannot be adapted
to the optimization-seeking process of ChOA for the STHS
problem, which will lead to slow convergence and fall into
local optimum prematurely.

In order to balance the global search and local search
capabilities of ChOA and make it more practically
applicable to the STHS problem, this paper proposes a
nonlinear convergence factor update strategy with the
mathematical expression shown below.

A

Int/Intax

e -1

f = fia | 1-| ———— 23
tial [ o 1 J (23)

where finitial IS the initial value of the convergence factor, t is
the current iteration number, tmax is the maximum iteration
number, and 4 is the nonlinear adjustment factor.

3) Position update adjustment strategy

The basic ChOA follows the leaders of four types of
chimp individuals when performing position updating,
namely the attacker, the barrier, the chaser and the driver.
Howerver, this update mechanism does not take each
individual chimp's own search experience into account,
resulting in the algorithm easily falling into local optimality
and low search accuracy. The search mechanism of PSO
and GSA are combined in a certain way, which can
compensate for the principle deficiencies of ChOA and
enhance the exploration and exploitation capabilities of the
algorithm.

a) Particle Swarm Optimization (PSO)

PSO [28] is an artificial intelligence algorithm that
simulates birds predation proposed by Kennedy and
Eberhart in 1995, whose basic concept is to search for the
optimal solution through collaboration and information
sharing among individuals in the population. Anyone of
particles can adjust its own direction of movement
according to its own experience and memory, learn and
remenber the information from other particles in the group.
In short, all the particles in the swarm continuously adjust
their velocity and position according to their historical
optimal position and the global optimal position shared by
the whole swarm. The velocity update equation of the
particles is as follows.

Voi (t+1) = WV, () + C. (Rl — X))
5 (24)
+G,1, (Gi,best - XI)

where o is the inertia factor; Pj, is the historical optimal
position of the ith particle; G. is the current global
optimal position of the particle swarm; c; and ¢, represent
the learning factor constants; r1 and r, are random numbers
transformed in the range [0,1].

b) Gravitational Search Algorithm (GSA)

GSA [29] is a meta-heuristic intelligent optimization
algorithm based on Newton's law of universal gravitation
proposed by Rashdei et al. in 2009, which mainly uses the
law of gravity between two objects to guide the motion
optimization of each particle and search for the optimal
solution, with outstanding global optimization capability.
The gravitational force between two particles is
proportional to the mass of the two particles and inversely
proportional to the distance between the two particles. The
gravitational force between the particles and the related
parameters are calculated as follows.

= (t):e(t)%(xf O-x' (1) @)
F'(t)= ZN: LR (26)

where F;(t) is the gravitational force between particle i and
j; Mi(t) and M;(t) are the masses of particle i and j
respectively; R;jj is the Euclidean distance; ¢ is a constant
close to 0; F{ (t) is the weighted sum of the gravitational
effect of i by other particles; rs is a random number
between [0, 1].

The gravitational constant G(t) and the mass of the
particle Mi(t) are calculated by the following equation.

t

G(1)=Ce ™ (27)
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w, (1) - (28)

2m, (1)
m, (t) _ I:iti (t)_ Fworst (t)

Fbest (t) - Fworst (t)

d
a (1) = Y (30)
M, (t)
where a is a constant, Fiti(t) is the fitness function value of
particle i in the t generation, Fupest(t) and Fuorst(t) represent
the best value and the worst value of the fitness in the t
generation respectively. a (t) denotes the acceleration.
The speed update formula of GSA is shown below. r4 is a
random number between [0, 1].

V<d;i (t +1) = rAVgi (t) + aid (t) (31)
¢) Position update mechanism
This paper proposes a new position update mechanism.
The individual memory function of PSO is introduced into
the position update formulation of ChOA. At the same time,
using the characteristic that GSA is not affected by
historical and global optimal particle, the global search
ability and local development ability of the algorithm are
effectively balanced. The new position update method is
shown below.

(29)

X, + X, + X, + X,

X(t+1) 2 (32)
+by (t+2) +bvs (t+1)

where b; and b, are random numbers between [0,1], and

satisfy bi+b,=1.

4) Cauchy mutation and Opposition-based learning

When ChOA falls into the local optimum and the optimal
solution is not updated. Cauchy mutation and Opposition-
based learning strategies are introduced on the basis of the
above improvement methods. When the specified number of
iterations has been reached and the optimal solution has not
been updated, the target position is perturbed and updated
according to the probability to make the algorithm jump out
of the local optimum and further enhance the global search
capability of the algorithm.

Opposition-based learning [32] is a new computational
intelligence technique proposed by Tizhoosh in 2005, which
aims to find the corresponding reverse solution based on the
current optimal solution, and select and preserve the better
solution by evaluation. The mathematical representation of
incorporating Opposition-based learning into ChOA is as
follows.

X ()=ub+ra@(lb-x, (1))

Xbest (t +l) = Xbest (t)+ bl ® (Xbest (t) - x:est (t))
where X .4(t) is the inverse of the optimal solution, ub and
Ib are the upper and lower bounds respectively, r is the

random number matrix and b; is the information exchange
coefficient [33], which is expressed as follows.

t
b = (1 - Lj (34)
tmax

The Cauchy operator is inserted into the position update
formula of ChOA to exploit the perturbation ability of the
Cauchy operator and strengthen the ability of the algorithm

(33)

to jump out of the local optimum.

X, (t+1) =X, (t)+Cauchy(0o,0)® X, (t) (35)

where Cauchy(0,1) is the standard Cauchy distribution.
Then whether to use Opposition-based learning strategy

or Cauchy mutation method is determined by the selection

probability Ps [33], which is expressed as follows.

best

20
P = —exp(l—%j +0 (36)
where 0 is the adjustment factor whose value is taken as
0.05.

If Ps > rand, choose Opposition-based learning strategy to
update position, otherwise choose Cauchy mutation to
update position.

Although the above two perturbation strategies enhance
the ability of the algorithm to leap out of the local space, it
cannot guarantee that the new position after the
perturbation variation is better than the original position, so
a greedy mechanism is added after the perturbation update
to retain the optimal target position.

{Xnew’ F (Xnew) <F (Xbest)
best =

Xbest’ F (Xnew) >F (Xbest)

The flow chart of the IChOA combined with the above
improvement measures is shown in Fig. 1.

t=0, k=0, tmax=500, kmax=10
Logistic-Tent Chaotic initialization

@37

Determine the attacker, barrier,

chaser and driver individuals
[

‘ Update position with Eq.(32) ‘

‘ Update position by Eq.(32) ‘

)

Update position
by Eq.(33)

Update position
by Eq.(35)
\

Fig. 1.The flow chart of IChOA

C. Test for IChOA

In this paper, 13 benchmark test functions with different
characteristics in TABEL | are selected for simulation
experiment analysis to verify the effectiveness and
robustness of the proposed algorithm. TABEL | presents the
basic information of the 13 benchmark test functions in
detail, including mathematical expressions, definition
domains and optimal values, among which F1-F7 are
continuous unimodal functions to test the convergence
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accuracy of the algorithm, and F8-F13 are continuous
multimodal functions with multiple local extremes to test
the global search capability of the algorithm.

In order to test the optimization performance of IChOA
objectively and fairly, the basic parameters of the algorithm
are set the same: population size N=50, number of
iterations Kmax=500, and spatial dimension D=30. On the
other hand, each group of simulations are operated 50 times
independently so as to eliminate the influence of fortuitous
element on experimental results. And the experimental data
obtained are arranged in TABEL I.

The optimal value reflects the searching ability of the
algorithm, the average value indicates the convergence
accuracy of the algorithm, and the the standard deviation
reveals the stability and robustness of the algorithm. It can
be seen from TABEL | that IChOA has higher optimization
accuracy, better stability and robustness, and stronger
feasibility and effectiveness compared with ChOA. In
addition, the 2-D views of some benchmark functions and
the convergence curves obtained by IChOA are shown in
Fig. 2-Fig. 9.

TABEL |
THE BENCHMARK FUNCTIONS
Name Function Dim Domain Frnin
F1 =50 % 30 [-100,100] 0
N N
F2 f; =Zi:1‘xi ‘ + Hi:l‘xi‘ 30 -10.10] 0
N i 2
F3 L=y 00 x) 30 [-100,100] 0
F4 f,=max,{x . 1<i <N} 30 [-100,100] 0
F5 £,=3 0 [L00(x,,, — X)? + (% —1)°] 30 [-30,30] 0
2
F6 f,=>" i”:l(xl +0.5) 30 [-100,100] 0
F7 f, =ZiN:1ixi“ -+ random[0,1) 30 [-1.28,1.28] 0
F8 fszzil—xisin(\/M) 30 [500500]  -418.9829>Dim
F9 f,=> " [x? —10cos(27x) +10] 30 [-5125.12] 0
1 1
F10 fo= —20exp(—0.2 ’EEL X —exp( D01 cos(2mx)) +20 +e 30 [-32,32] 0
1 N N X:
F11 fo=—uS " =TT cos(=1) +1 30 -600,600 0
1= 7000 2™ I 1., cos ﬁ) [ 1
f,= %{msin(ﬂyl) + 30y =DM L+10sin? (7Y, )]+ (v =D+ 3 u(x,10,100,4)
y =14 %1
F12 30 [-50,50] 0
k(x, —a)" X >a
u(x;,a,k,my=40 —a<x<a
k(—x —a)" x, <-—a
f,=0.1sin’Brx)+ 3 (X —1)°[L+sin?(3zX, +1)] +
F13 ® W+ 30 [-50,50] 0

(% —D?[L+sin? (2% )3+ 3 u(x,5,100,4)
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Objective space
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TABEL Il
THE RESULTS OF 13 BENCHMARK FUNCTIONS
. IChOA ChOA
Function Min. Max. Avg. Std. Min. Max. Avg. Std.
F1 0.00E+00 5.71E-57 1.67E-58 8.47E-58 4.71E-26 8.28E-21 4.54E-22 1.46E-21
F2 7.62E-302 2.47E-30 1.94E-31 5.23E-31 7.65E-18 3.98E-15 5.46E-16 8.33E-16
F3 7.42E-69 1.39E-17 4.99E-19 2.46E-18 1.29E-07 4.00E-01 1.11E-02 5.63E-02
F4 9.01E-34 6.51E-10 2.49E-11 9.97E-11 9.64E-08 8.08E-05 8.60E-06 1.62E-05
F5 2.55E+01 2.83E+01 2.69E+01 7.06E-01 2.58E+01 2.88E+01 2.78E+01 7.76E-01
F6 2.68E+01 1.22E-01 7.82E-01 3.14E-01 2.93E-01 1.26E+00 8.97E-01 3.56E-01
F7 3.34E-05 9.60E-04 5.07E-04 2.21E-04 5.49E-05 2.17E-03 5.94E-04 4.63E-04
F8 -6.94E+03 -5.65E+03 -6.13E+03 3.11E+02 -6.89E+03 -4.82E+03 -5.71E+03 3.22E+02
F9 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 4.43E-11 1.39E-12 6.65E-12
F10 8.88E-16 4.44E-15 2.52E-15 1.77E-15 4.35E-14 6.18E-10 2.68E-11 9.75E-11
F11 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
F12 3.04E-05 8.91E-03 2.17E-03 2.07E-03 3.11E-02 8.38E-02 4.46E-02 1.26E-02
F13 1.49E-01 9.71E-01 3.19E-01 1.54E-01 7.79E-01 1.37E+00 1.07E+00 1.70E-01

IV. THE APPLICATION OF ICHOA FOR STHS PROBLEM

A. Structure of initialization

B. Constraints handing
When IChOA is applied to solve the STHS problem, it is

The initialization population of the STHS problem
corresponds to the chimp individuals of IChOA, each of
which contains information on several variables. The
structure of the initial population consists of the discharge of
each hydropower plant and the output power of each
thermal plant at each time period. A single chimp individual

Xq (d=1,2, ..., NP) isinitialized in the following form.
hy h h
Qllp 21p : QNsl Pltlp Ptp Pl\:Zl
hp hp hp tp tp tp
X, = le 2 77NN Plz Pzz ’ Pst (38)
hp hp hp tp tp tp
QlT o1 T ONNT Pr Py - PNST

The generation of the initial population is strictly limited
to the feasible region, thus avoiding emergence of default
solutions.

Qh Q min (Q max_Q mln)
R?=R;+m(ﬁg—emﬁ 9

where my and mj, are the two of the chaotic sequence
generated by Logistic-Tent chaos.

extremely easy to violate the constraints due to the
complexity of the STHS structure. The occurrence of such a
phenomenon will lead to an incalculable disaster, so
constraint handing is required to make it strictly satisfy the
constraints and ensure the feasibility of the scheduling
scheme.

1) Discharge volume limitation

Qr. (QF<Qr.)

Qr=1Q¢ (Q.<Q¥=<Qf.) (0
Qs (QF > Q)
2) Reservoir volume limitation
Ve (VP <vi)
VP =ave o (VR <V v ) (41)
Vine (Vi >Viim)
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3) Output power limitation
Phe (P"<Ph)

i,min

PP=1R" (Ph <PP<PL) @

it
Rre (P >Ph.)
The output power constraint treatment strategy for
hydropower plants also emulates Eq.(42).
4) Dynamic reservoir balance
In the scheduling optimization process, the initial and
final values of the reservoir volume capacity must meet the
conditions given by the system while maintaining water

dynamic balance, which will be a complex process to handle.

Therefore, a graded optimization strategy is employed to
deal with dynamic reservoir balance, and the pseudo code is
shown in Fig. 10. The process is divided into two phases:
firstly, when the violation of the reservoir volume is less
than the defined parameter value, named &error, the period
with the largest margin value undertakes the violation;
secondly, if the violation of the reservoir volume is greater
than the set parameter value, the average method is used to
divide the violation volume into each interval equally.
5) Dynamic power balance

The constraint processing on the power balance of the
power system is handled after the above adjustment, which
will not affect previous operation. The processing method of
power balance still adopts the graded optimization strategy
based on economy, which is divided into two steps: firstly,
when the violation of the power balance is less than the
defined parameter value, named gerror, the thermal plant
with the smallest economic index undertakes the violation;
secondly, if the violation of the power balance is greater
than the set parameter value, the average method is used to
divide the violation volume into each thermal plant equally.
In addition, the pseudo code of constraints handing for
thermal power balance is presented in Fig. 11.

Begin
Forj=1:N,
Iter=0
h hy hy c hy A h c hy
Qj: :Vj,ipnitial _Vj,final +z I jtp +Zz(Qmp(t—rm) )_ z thp
t=1 t=1 m=l t=1,t#b
Check Q7

T TR
AVerror :leiipni!ial _th‘?inal + Z ! ?!p + Z z (Q:f;lﬂm) )_ z QT!p
t=1 t=1 m=l t=1
While |AVero| < Eeror and Iter < Iter gy
Calculate AQ;,” from¢t=1:T
Choose / with the largest adjustable margin

Q) =Qy +AV,  : Check 0!
Iter = Iter + 1
End while
While |AVeror| > &eror and Iter < Iterq.
an AVEYYOI’ = AVEI’I’OI’ T
Fort=1:T
hp hp
Qj[ = Qj[ +avgAQ,, . ; Check OF;
End for
Iter = Iter + 1
End while
End for

End

Fig. 10.Pseudo code of constraints handing for reservoir capacity

Begin
Fort=1:T
Iter=0

Ns Np
tp hp
AR:PDtJrPL(—ZPn _ijt
o ]
While |AP/| < &yepror and Iter < Itera.

F(r")-r(7)

PkAl _ FT[k

it

Calculate a, = fromi=1:Ns

List a;, in ascending order and choose z with the smallest
index

PP = P® + AP :Check P”
zt zt t
Iter = Iter + 1

End while
While |AP/| > &0 and Iter < Iter

avgAR = APt/NS
Fori=1:Ns
P" = P® +agAP ; Check P!

it

End for
Iter = Iter + 1
End while
End for
End

Fig. 11.Pseudo code of constraints handing for thermal power balance

V.  SIMULATION RESULTS AND DISCUSSION

Three standard test systems including four cases have
been selected for simulation experiments to validate the
effectiveness of the proposed IChOA for addressing the
STHS problem. The entire scheduling period is one day
with one-hour interval. All simulation experiments are
implemented on a PC (3GHz and 16GB) with MATLAB-
2016a installed.

A. Test system /

The test system I comprises of four hydropower plants
and one thermal plant, with no consideration of the valve
point effect and the transmission loss. The system data of
this test refers to [34]. In this case, the results of the
experiments conducted 50 times have been summarized as
follows. The convergence curve is shown in Fig. 12, the
result obtained by IChOA algorithm is superior to the
original ChOA and PSO. Moreover, the reservoir capacity
volume is denoted in Fig. 13, we can see clearly that all
hydropower plants satisfy the given constraints. The optimal
output scheme obtained in system I is shown in TABEL VII
and drawn in Fig. 14, which precisely shows the power
output of each plant. Fig. 15 clearly reflects the relationship
between output power and load demand, satisfying load
balance constraints.

In the meanwhile , TABEL Il and Fig. 16 illustrate the
fuel costs comparison between IChOA and other literature
algorithms, including ChOA, NLP [5], DE [12], LWPSO
[13], RCGA [22], RQEA [35], QEA [35] and RE-GA [36].
It can been seen obviously from TABEL Il that the
minimum, maximum and average fuel costs obtained by the
proposed IChOA are 922916.97($), 923786.08($) and
923413.20($) respectively, and all are lower than the costs
obtained by other methods. For instance, compared to
RQEA, IChOA reduces by 718.53(%), 3171.31($) and
1579.26($) in terms of the minimum, maximum and average
fuel costs respectively, saving the cost of power generation.
Hence, it is demonstrated that the proposed IChOA has a
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significant advantage over other methods in solving the
STHS problem.

TABEL 11l
THE COST COMPARISON WITH OTHER METHODS
Fuel cost ($)
Method Min. Max. Avg.
IChOA 922916.97 923786.08 923413.20
RQEA 923634.53 926957.39 924992.46
RCGA 923966.29 924232.07 924108.73
DE 923991.08 928395.84 925157.28
RE-GA 924159.60 925613.60 924880.40
NLP 924249 .48 NA NA
ChOA 924456.17 926575.68 924987.13
LWPSO 925383.80 927240.10 926352.80
QEA 926538.29 930484.13 928426.95
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Fig. 12.The convergence curve of system I
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Fig. 16.The cost comparison with other methods

B. Test system Il

The test system II is composed of four hydropower plants
and three thermal power plants, which is subdivided into
two cases according to whether transmission loss is
considered or not. The detailed data of test system II is
retrieved from the reference [37].

1) Case 1 of system Il

Only the valve point effect of the power system is
considered in case 1, and the experiments have been
repeated 50 times. As shown clearly in Fig. 17, IChOA has
the best convergence characteristic and the lowest fuel cost,
and all satisfy the reservoir constraints during the scheduling
period according to Fig. 18. In addition, the specific output
power of each power plant is displayed clearly in Fig. 19,
and the power constraint is strictly satisfied during the
optimization search. TABEL VIII shows the optimal
scheduling scheme of hydropower plants and thermal plants
with the best convergence result after 50 repeated
experiments. It can be seen intuitively from Fig. 20 that the
total output power corresponding to each time period is
equal to the load demand, indicating that the two are always
in a state of dynamic balance.

Furthermore, TABEL IV and Fig. 21 present the fuel
costs comparison between IChOA and other algorithms,
including ChOA, MCDE [17]. RCGA-AFSA [22], ALO
[38], DNLP [39], RCCRO [40], DGSA [41] and QTLBO
[42]. 1t can been seen intuitively from TABEL IV that the
minimum, maximum and average fuel costs obtained by the
proposed IChOA are 40389.01($), 40803.91($) and
40567.60($) respectively, and they are all lower than the
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costs obtained by other methods in varying degrees, which
indicates that the proposed IChOA is more competitive in
dealing with the STHS problem and can achieve higher
economic benefits.

TABEL IV
THE COST COMPARISON WITH OTHER METHODS
Fuel cost ($)
Method Min. Max. Avg.
IChOA 40389.01 40803.91 40567.60
ChOA 40641.29 41211.72 40805.52
ALO 40780.05 41094.34 40905.83
RCGA-AFSA 40913.83 41235.73 41362.58
MCDE 40945.75 41977.04 41380.54
DNLP 41101.74 NA NA
RCCRO 41497.85 41498.21 41502.37
DGSA 41751.15 41989.02 41821.49
QTLBO 42187.49 42202.75 42193.46
46000 T T T T
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45000 — — —-ChOA i
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g 43000 ChOA g
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Fig. 17.The convergence curve of case 1 in system II
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Fig. 21.The cost comparison with other methods
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2) Case 2 of system I/

The case 2 of system II takes both valve point effect and
tranmission loss into account, which makes the nonlinearity
of the STHS problem more prominent and difficult to solve.
Fig. 22 presents the convergence property curves of the
optimal results obtaiened by IChOA, ChOA, and PSO by
conducting 50 repetitions of experiments. It can be seen that
IChOA has better accuracy of global optimization search
holistically. The reservoir volume distribution of the
hydropower plants during the whole dispatch period is
plotted in Fig. 23, and no constraint violation occurs in each
reservoir during this process. In addition, Fig. 24 and
TABEL IX illustrate the output power distribution of each
power plant in detail. It can be seen from Fig. 25 that the
total output power of the power system is greater than the
load demand, and the extra output power makes up for the
transmission loss, which is a normal and reasonable
phenomenon.

What's more, the optimal fuel cost calculated by IChOA
has been compared with the results of ChOA, MCDE [17],
RCGA-AFSA [22], ALO [38], DNLP [39], GSA [41],
MDNLPSO [43], QOGSO [44] and GSO [44], including the
minimum, maximum and average fuel cost, which as shown
in TABEL V and Fig. 26. The minimum, maximum and
average fuel costs obtained by the proposed method are
41094.39(%), 41936.36($) and 41560.20($) respectively.
The above results demonstrate that the complexity of the
system increases when loss is considered, but the proposed
IChOA is still significant for the optimization of the STHS
problem.
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TABEL V
THE COST COMPARISON WITH OTHER METHODS
Fuel cost ($)

Method Min. Max. Avg.
IChOA 41094.39 41936.36 41560.20
MDNLPSO 41183.00 41994.00 41595.00

DNLP 41350.56 NA NA
ChOA 41448.04 42440.49 41702.02
MCDE 41586.18 42365.84 42022.67
RCGA-AFSA 41707.96 41894.63 41894.63
GSA 42032.35 42561.53 42292.12
QOGSO 42120.02 42145.37 42130.15
GSO 42316.39 42379.18 42339.35
ALO 42833.91 42900.19 42867.31
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Fig. 22.The convergence curve of case 2 in system II
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Fig. 26.The cost comparison with other methods

C. Testsystem Il

The test system III consists of four hydropower plants and
ten thermal power plants without considering the system
transmission loss, whose scale is larger and more
sophisticated than the previous test systems. The higher
dimensional test system makes the STHS problem more
intractable. The detailed data of test system III is retrieved
from the reference [2].

Likewise, the experiment has also been performed 50
times. As shown clearly in Fig. 27, the convergence speed
of IChOA is faster, converging when the number of iteration
is close to 150, and the quality of the global optimal solution
obtained is much higher compared with ChOA and PSO.
Fig. 28 reflects the real-time changing trend of storage
capacity of various reservoirs within 24 hours without any
default. The power generation of each plant is revealed
clearly in Fig. 29. Besides, the optimal scheduling scheme
of hydropower plants and thermal plants are represented in
TABEL X and TABEL XI respectively. Likewise, the
output power and load demand at each time period shown in
Fig. 30 satisfy the equality relationship within the
scheduling period, indicating that no power constraint
violation occurs and IChOA can effectively solve the STHS
problem.

Additionally, the optimal fuel cost calculated by IChOA
has been compared with the results of ChOA, MCDE [17],
ALO [38], ORCCRO [40], QOGSO [44] and GSO [44],
IPCSO [2], SOS [45] and SPPSO [46], including the
minimum, maximum and average fuel cost, which as shown
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in TABEL VI and Fig. 31. The minimum, maximum and
average fuel costs obtained by the proposed method are
161409.60($), 163630.23($) and 162141.40($) respectively.
Experiments have shown that the fuel cost obtained by
ICHOA is lower than that of most methods, with higher
economy and stronger search capability. It robustly proves
that the proposed IChOA has a great competitiveness and
provides a new solution idea for solving the STHS problem.

TABEL VI
THE COST COMPARISON WITH OTHER METHODS
Fuel cost ($)
Method Min. Max. Avg.
IChOA 161409.60 162630.23 162141.40
ALO 161353.97 161363.06 161356.17
ChOA 162658.00 163264.47 163024.70
IPCSO 162714.00 162953.00 162813.00
SOS 162834.38 163147.87 162846.92
ORCCRO 163066.03 163134.54 163068.77
MCDE 165330.70 167060.60 166116.40
SPPSO 167710.56 170879.30 168688.92
QOGSO 170293.21 170349.34 170321.57
GSO 170511.26 170586.91 170547.56
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Fig. 27.The convergence curve of system III
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Fig. 28.The reservoir capacity volume of system III

Abbreviations Comment

STHS short-term hydrothermal scheduling
ChOA chimp optimization algorithm

IChOA improved chimp optimization algorithm
PSO particle swarm algorithm

GSA gravitational search algorithm

LP linear programming

NLP nonlinear programming

DP dynamic programming

MIP mixed integer programming
LR Lagrange relaxation

GS gradient search techniques
GA genetic algorithm

DE differential evolution

HNN Hopfield neural network

ABC artificial bee colony algorithm

GOA grasshopper optimization algorithm

MCDE modified chaotic differential evolution

OGB-GA optimal gamma based genetic algorithm

MCSA modified cuckoo search algorithm

MSGO modified social group optimization

APSO accelerated particle swarm optimization

RCGA-AFSA  hybrid of real coded genetic algorithm and
artificial fish swarm algorithm

WOA whale optimization algorithm

GWO gray wolf optimizer

NGS-WOA improved whale optimization algorithm
based on nonlinear adaptive weight and
golden sine operator

TGWO improved grey wolf optimizer based on
tracking mode

SGWO improved grey wolf optimizer based on
seeking mode

LWPSO local vision of PSO with inertia weight

RCGA real coded genetic algorithm

RQEA real-coded quantum-inspired evolutionary
algorithm

QEA quantum-inspired evolutionary algorithm

ALO ant lion optimizatio

DNLP dynamic non-linear programming

RCCRO real coded chemical reaction based
optimization

DGSA disruption based gravitational search
algorithm

QTLBO quasi-oppositional teaching learning based
optimization

MDNLPSO modified dynamic neighborhood learning
based particle swarm optimization

QOGSO quasi-oppositional group search
optimization

GSO Quasi-oppositional group search
optimization

ORCCRO oppositional real coded chemical reaction
based optimization

IPCSO novel two-swarm based PSO search
Strategy

SOS symbiotic organisms search algorithm

SPPSO small population-based particle swarm
optimization

VI. CONCLUSION

In this paper, an improved chimp optimization algorithm
(IChOA) incorporating various improvements is proposed
and successfully applied to the non-linear, non-convex and
high-dimensional STHS problem. The effectiveness of the
improved method is verified by three standard complex
systems including four test cases. Additionally, the
minimum, maximum and average fuel costs obtained by the
proposed IChOA have noticeable advantages compared with
a great number of methods from other literature. For
instance, in case 2 of system II, the minimum, maximum
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and average fuel costs obtained by IChOA are 41094.39(3), 2500 hydro generation thermal generation
41936.36($) and 41560.20($) respectively, and they save total generation load demand
491.79($), 429.48($), 462.47($) respectively compared with m ]
the ones of MCDE. Meanwhile, the convergence result of . A i .
IChOA has the advantages of superior performance, high i
precision and high robustness. Furthermore, numerous %”"“'-
charts illustrate that the whole process does not violate the 5 H
constraints, thereby certifying the effectiveness of the Z 1000
constraint handling strategy. In a nutshell, it is evident that
the proposed IChOA is reasonable and effective, which 5004
provides_ a new idea for the solution of the increasipgly f EEE E E
challenging STHS problem and the large-scale constrained !
optimization problem. MR S 6 7 8 9 10111213 14 15 16 17 18 19 20 21 22 23 24
Time (hour)
B3 thermal plant | 22 thermal plant 2 @ thermal plant 3 (=] thermal plant 4 @ thermal plant 5 Fig. 30.The power generation and load demand of system III
2500 =51 thermal plant 6 (=] thermal plant 7 [5] thermal plant 8 ) thermal plant 9 g thermal plant 10|
]- hydro plant | EE hydro plant 2 [ hydro plant 3 {2 hydro plant 4 1720004
20004 170000 "
g bl /
g;1500- 7 o i i | E i i - & i i i 1%l - 168000 .
£ % i o ol B =il i El= o i <
E G i | i L Il & o El il L Z 166000 /
& 1090 L 2 *
E ;: 164000 /
500 ¢ —"
162000 . '/
i i
i Ml sl W Rl i M B ol B sl s 160000 \ T T T T T T T T \
S 6 7 8 9 1011 1213 14 15 16 17 18 19 20 21 22 23 24 IChOA ALO ChOA IPCSO SOS ORCCROMCDE SPPSO QOGSO GSO
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Fig. 29.The power generation of each plant of system III Fig. 31.The cost comparison with other methods
TABEL VII
THE OPTIMAL SCHEDULING SOLUTION OF SYSTEM I
Time Hydro discharge (10* m) Hydro generation (MW) Thermal Pual Prosd
(hour) On On Ohs Ohs Pus P P P generation (MW) MW) MW)
1 10.66 7.87 30.00 13.00 88.59 61.31 0.00 200.09 1020.01 1370.00  1370.00
2 9.45 6.09 30.00 13.00 82.96 50.84 0.00 187.76 1068.44 1390.00  1390.00
3 10.16 6.64 30.00 13.00 85.50 55.99 0.00 173.74 1044.77 1360.00  1360.00
4 8.85 6.37 30.00 13.00 78.40 55.60 0.00 156.79 999.21 1290.00  1290.00
5 8.58 6.47 19.39 13.00 75.91 57.09 2006  178.74 958.20 1290.00  1290.00
6 8.48 7.56 18.14 13.00 74.77 64.00 26.16 19896 1046.11 1410.00  1410.00
7 6.70 6.58 16.57 13.00 63.93 57.26 3229 21744 1279.08 1650.00  1650.00
8 8.80 6.40 15.56 13.00 77.15 56.29 3562 23421 1596.73 2000.00  2000.00
9 8.73 6.64 15.65 13.00 77.27 58.66 3522 240.04 1828.81 2240.00  2240.00
10 8.55 8.17 14.86 13.00 77.15 68.95 37.60  244.57 1891.73 2320.00  2320.00
11 8.27 6.79 14.24 13.01 76.73 61.30 3947 24774 1804.76 2230.00  2230.00
12 7.28 9.56 15.18 14.20 71.02 76.98 38.60  260.58 1862.82 2310.00  2310.00
13 7.12 7.06 15.30 14.91 70.81 62.75 4042 26778 1788.24 2230.00  2230.00
14 8.34 9.90 14.75 15.04 79.92 78.72 4238  268.80 1730.18 2200.00  2200.00
15 9.16 8.72 16.44 14.05 85.24 72.64 39.92  259.81 1672.39 2130.00  2130.00
16 8.78 8.18 16.32 15.30 83.24 69.40 40.67 27120 1605.49 2070.00  2070.00
17 8.50 8.16 16.32 1523 81.67 68.68 4248  270.66 1666.51 2130.00  2130.00
18 7.80 8.49 15.05 14.74 77.11 69.20 4678 26625 1680.67 2140.00  2140.00
19 7.28 8.47 15.25 16.42 73.39 68.24 4726  280.80 1770.31 2240.00  2240.00
20 8.39 11.03 1275 16.92 80.43 78.98 5111 284.24 1785.24 2280.00  2280.00
21 7.22 10.81 10.00 18.05 72.48 76.89 5134 290.98 1748.31 2240.00  2240.00
22 6.49 10.89 10.00 17.99 67.22 75.97 5323 287.69 1635.89 212000  2120.00
23 5.99 11.72 10.02 20.57 63.48 76.60 5496  297.96 1357.00 1850.00  1850.00
24 5.41 13.42 10.09 22.13 58.80 77.74 5622 294.46 1102.77 1590.00  1590.00
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TABEL Vil
THE OPTIMAL SCHEDULING SOLUTION OF CASE 1 IN SYSTEM 11
Time Hydro discharge (10* m®) Hydro generation (MW) Thermal generation (MW) Plogl Pload
(hour) Oni On Ons Ons P Py P Py Py Py Py MW) MW)
1 6.21 6.05 18.30 6.56 63.40 50.51 48.17 135.99 102.35 209.82 139.76 750.00 750.00
2 5.00 6.45 29.84 6.41 53.89 54.18 0.00 130.25 102.33 209.82 229.52 780.00 780.00
3 11.07 7.62 17.14 7.07 92.20 62.58 42.26 133.41 20.00 209.82 139.73 700.00 700.00
4 9.63 7.45 29.96 7.92 84.95 62.45 0 135.58 102.35 12491 139.76 650.00 650.00
5 8.79 8.58 20.19 6.60 79.58 68.86 23.20 131.11 102.58 12491 139.76 670.00 670.00
6 6.27 7.24 15.68 9.19 62.99 60.62 41.86 182.29 102.66 209.82 139.76 800.00 800.00
7 7.08 6.45 15.90 14.75 69.24 55.12 42.63 241.07 102.60 209.82 229.52 950.00 950.00
8 6.86 6.84 16.62 10.49 68.16 57.86 40.91 216.17 102.66 294.72 229.52 1010.00 1010.00
9 10.50 6.30 10.24 15.53 89.13 55.11 47.65 271.23 102.64 294.72 229.52 1090.00  1090.00
10 7.69 6.32 11.78 15.64 74.72 56.65 49.47 272.26 102.66 294.72 229.52 1080.00  1080.00
11 10.95 11.38 29.94 19.60 92.48 83.21 0 297.47 102.60 294.72 229.52 1100.00  1100.00
12 8.57 8.07 17.23 13.14 80.93 66.68 37.00 248.73 102.66 294.72 319.28 1150.00  1150.00
13 6.90 9.20 13.48 19.97 70.40 72.34 47.42 292.93 102.67 294.72 229.52 1110.00  1110.00
14 6.35 6.86 15.15 12.05 66.80 59.58 47.92 228.80 102.67 294.72 229.52 1030.00 1030.00
15 6.55 6.73 18.31 19.32 68.81 59.87 39.36 299.95 102.67 209.82 229.52 1010.00 1010.00
16 6.57 7.93 28.74 19.02 69.14 67.68 0 296.27 102.67 294.72 229.52 1060.00  1060.00
17 12.79 7.25 13.79 19.93 103.35 63.20 46.42 295.03 102.67 209.82 229.52 1050.00  1050.00
18 8.49 10.75 13.53 18.63 82.93 79.48 47.27 283.41 102.67 294.72 229.52 1120.00  1120.00
19 6.37 6.13 12.41 16.71 67.27 53.52 50.69 271.61 102.67 294.72 229.52 1070.00  1070.00
20 9.20 11.54 11.95 17.42 86.93 81.02 51.97 288.07 102.67 209.82 229.52 1050.00 1050.00
21 5.04 10.15 10.01 16.12 55.40 74.40 52.34 275.61 102.67 209.82 139.76 910.00 910.00
22 9.78 12.37 10.38 15.32 90.25 80.89 54.33 267.19 102.67 12491 139.76 860.00 860.00
23 5.05 13.82 10.08 19.62 55.59 80.65 55.21 291.21 102.67 12491 139.76 850.00 850.00
24 13.30 10.51 13.60 19.99 104.11 67.96 58.94 284.32 20.00 124.91 139.76 800.00 800.00
TABEL IX
THE OPTIMAL SCHEDULING SOLUTION OF CASE 2 IN SYSTEM II
Time Hydro discharge (10* m®) Hydro generation (MW) Thermal generation (MW) Ploss Pl Pioad
(hour) On On2 Ohs On P Py P Py Py Py Pys MW)  (MW) (MW)
1 11.19 7.34 30.00 7.85 90.39 58.39 0 151.10  103.17 12491 229.52 7.74 757.74 750.00
2 11.80 6.84 16.20 6.96 91.21 55.83  47.79 13564 10342 124091 229.52 7.31 787.31 780.00
3 5.26 6.22 21.36 6.21 54.52 53.19 25.64 121.41 102.65  209.82 139.76 6.99 706.99 700.00
4 5.71 6.52 17.67 7.55 58.57 56.63  42.86 130.54 102.58 12491 139.76 5.84 655.84 650.00
5 5.60 6.06 13.56 6.25 57.70 5443 5133 136.99 20.00 124.86  229.52 4.83 674.83 670.00
6 7.92 6.34 20.23 10.31 74.49 56.78  31.67 192.10  102.60  209.82 139.76 7.20 807.20 800.00
7 5.13 6.22 14.22 7.61 54.09 55.83  49.68 171.42 102.64  209.82  319.28 12.75 962.75 950.00
8 5.46 6.04 1732 13.71 57.65 55.00 42.79  243.58 102.59 29472  229.52 15.85 1025.85 1010.00
9 5.95 6.79 1596 1146 62.46 6091 4512 22266 102.63 29472 319.28 17.77 1107.77  1090.00
10 8.55 8.60 19.94 8.68 81.72 72.40 28.35 198.76  102.66 29472  319.28 17.89  1097.89  1080.00
11 10.70 7.08 1637 17.31 93.44 64.01 40.12 284.13 102.56  209.82  319.28 13.35 1113.35  1100.00
12 9.80 6.65 1528 13.79 89.19 61.70 4343 25698 102.66  294.72  319.28 17.96 1167.96  1150.00
13 9.25 9.51 16.36  16.90 86.55 7833 43,57 28350 10229  209.82  319.28 13.34 1123.34  1110.00
14 9.06 8.61 18.08 18.92 86.01 73.58 39.06 299.00 102.64 209.82  229.52 9.63 1039.63  1030.00
15 6.71 6.36 13.98 19.03 70.08 60.38 50.02 297.05 102.63  209.82  229.52 9.49 1019.49 1010.00
16 10.16  10.35 23.02 13.46 92.87 82.87 1545 253.06 104.71 29472  229.52 13.20 1073.20 1060.00
17 12.07 9.95 14.75 17.78 100.39 7931 49.12 288.93 102.55 209.82  229.52 9.63 1059.63  1050.00
18 7.90 10.04 1630 19.43 78.74 77.43 4690 298.59 102.64  209.82  319.28 13.40 1133.40 1120.00
19 9.33 7.19 10.02 13.64 87.38 61.27 52.85 252.77 104.48 294.72  229.52 12.99  1082.99 1070.00
20 7.30 11.65 13.63  20.00 73.95 81.93 56.04 305.51 102.87  209.82  229.52 9.64 1059.64  1050.00
21 5.07 9.48 12.13  16.56 55.54 72.06 5797 279.85 102.67  209.82 139.76 7.66 917.66 910.00
22 5.30 12.55 1228 18.79 57.85 82.37 58.82 293.60 20.00 12491 229.52 7.07 867.07 860.00
23 8.39 11.84 1980 12.87 82.22 7730 45.12 284.85 102.67 12491 139.76 6.82 856.82 850.00
24 1140 1276 12.87 19.99 97.97 78.57 5898 284.35 20.00 124.63 139.76 427 804.27 800.00
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THE OPTIMAL SCHEDULING SOL-{JAT?(EII:I éF HYDRO PLANTS IN SYSTEM 111

Time Hydro discharge (10* m*) Hydro generation (MW) Total hydro generation

(hour) Oni On Ons Ons P Py Py Py MW)

1 7.34 7.14 17.53 5.14 71.50 57.22 50.69 118.05 297.46

2 9.27 5.30 28.44 7.02 83.19 45.89 0.00 138.86 267.94

3 8.14 6.00 17.15 7.05 76.64 52.70 43.42 133.98 306.74

4 11.71 4.43 22.58 4.70 91.60 42.94 16.93 98.38 249.85

5 5.96 8.54 14.33 -8.69 59.93 71.32 48.55 0.00 179.81

6 9.80 6.10 14.47 17.13 83.10 55.94 50.67 266.84 456.55

7 7.98 7.58 21.67 10.56 73.33 65.18 22.83 212.01 373.35

8 9.09 11.74 14.66 12.15 79.60 83.27 49.61 238.39 450.87

9 5.80 6.61 21.03 16.89 58.98 57.00 26.17 279.77 421.93

10 8.91 8.67 13.02 17.81 80.81 69.97 50.68 283.20 484.67

11 5.93 7.88 25.26 20.50 61.78 65.95 0.00 301.19 428.93

12 7.30 8.09 14.92 15.63 72.87 67.21 47.46 266.56 454.10

13 12.30 9.81 19.60 19.29 97.69 75.51 32.95 295.02 501.17

14 6.74 10.04 15.24 15.78 69.34 75.96 47.57 266.85 459.72

15 9.22 10.30 10.88 17.11 86.35 76.39 52.79 285.27 500.79

16 7.44 8.46 19.88 16.51 75.25 66.68 37.17 279.07 458.17

17 9.49 6.84 9.65 18.06 88.30 56.78 53.15 292.21 490.43

18 7.57 12.19 9.84 17.33 76.14 79.55 55.19 28491 495.79

19 6.59 9.88 20.67 20.10 68.79 68.25 40.31 293.39 470.74

20 8.66 5.39 9.84 16.39 83.08 42.79 55.77 272.10 453.74

21 6.80 8.41 15.47 15.89 70.14 62.82 58.54 261.89 453.38

22 5.90 10.13 15.46 13.33 62.96 70.83 59.55 235.95 429.30

23 8.69 10.86 18.40 16.83 83.72 72.02 52.03 269.57 477.34

24 8.39 11.61 19.63 14.97 82.05 72.26 46.36 249.49 450.16

TABEL XI
THE OPTIMAL SCHEDULING SOLUTION OF THERMAL PLANTS IN SYSTEM III
Time Thermal generation (MW) Permal Pl Pload
(hour) — p, Po Ps Py Ps Py Py Py Po Puo (MW) (MW) (MW)

1 319.28  199.60  94.80 119.73 22447  139.73 4500  35.00 98.06  176.87 1452.54 1750.00 1750.00
2 319.28  199.60  94.80 119.73 22447  139.73 10428 3500 98.06 177.12 1512.06 1780.00 1780.00
3 319.28  199.60  20.31 119.73  174.60  139.73 4500  35.00 160.00 180.00 1393.26 1700.00 1700.00
4 22952 27440  94.80 119.73 12473  139.73 10428 3500 98.06  179.90 1400.15 1650.00 1650.00
5 319.28 27440  94.80 119.73 12473  139.73 10428 3500 9824  180.00 1490.19 1670.00 1670.00
6 319.28  199.60  20.38 119.73 12473 139.73 45.00  35.00 160.00 180.00 1343.45 1800.00 1800.00
7 409.04 27440  94.80 119.73 12473  139.73 10428 3500 98.06  176.87 1576.65 1950.00 1950.00
8 22952 27440  94.80 119.73 22447  139.73 10428 3500 160.00 177.20 1559.13 2010.00 2010.00
9 229.52 27440  94.80 119.73 22447 189.60  163.55 35.00 160.00 177.01 1668.07 2090.00 2090.00
10 319.28 27440  94.80 119.73 22447  139.73 16355 3500 98.06 12631 1595.33 2080.00 2080.00
11 319.28 34920  94.80 119.73 17460  139.73  163.55 3500 98.06 177.12 1671.07 2100.00 2100.00
12 319.28 27440  94.80 119.73 22447 189.60 163.55 35.00 98.06 177.01 1695.90 2150.00 2150.00
13 22952 27440  94.80 119.73 22447  189.60 10428 3500 160.00 177.04 1608.83 2110.00 2110.00
14 409.04 27440  94.80 119.73  174.60  139.73 4500 3500 98.06 179.91 1570.28 2030.00 2030.00
15 22952 27440  94.80 119.73 17460  139.73 10428 3500 160.00 177.15 1509.21 2010.00 2010.00
16 319.28 27440  94.81 119.73 17460  139.73 10428 3500 160.00 180.00 1601.83 2060.00 2060.00
17 229.52 27440  94.80 119.73 22447 13973 16355 3500 9836  180.00 1559.57 2050.00 2050.00
18 22952 34920  94.80 119.73 22447  189.60 45.00  35.00 160.00 176.89 1624.21 2120.00 2120.00
19 31928 27440  94.80 119.73 17460  139.73  163.55 3500 98.16  180.00 1599.26 2070.00 2070.00
20 31928 27440  94.80 119.73 17460  139.73  163.55 3500 98.06  177.11 1596.26 2050.00 2050.00
21 22952 27440  94.80 119.73 12473  139.73 16355 3500 98.06  177.09 1456.62 1910.00 1910.00
22 319.28 27440  94.80 119.73 12473  139.73 4500 3500 98.06  179.96 1430.70 1860.00 1860.00
23 22952 199.60  94.80 119.73 17460  139.73 10428 3500 98.06 177.34 1372.66 1850.00 1850.00
24 22952 27440  94.80 119.73 12473  139.73 4500 3500 160.00 126.92 1349.84 1800.00 1800.00
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